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 Attitude scales are an important component of educational and psychological 
research. One consideration when seeking to make valid inferences from attitudinal data 
is the issue of the degree to which response options can be assumed to have equal 
intervals. Many response options on attitudinal measures may produce ordinal-level data 
rather than interval. This poses a problem for the statistical tests that may be used, as 
many analyses assume interval-level data. It also poses an interpretational issue if the 
conceptual distance between response options is not the same – for example, if a 
researcher believes that someone who answered Agree differs the same amount from 
someone who answers Strongly Agree as they do from someone who answers Disagree 
when this may not actually be the case. As a result of the importance of equal-interval 
response scales, in this study I sought to design a set of equal interval Agree/Disagree 
Likert-type response options. 
 To develop these response options, I first asked several hundred undergraduates to 
assign percentages to a series of Agree/Disagree Likert scale modifiers. I used the median 
percentages to create a set of equal response options as well as a set of unequal options 
for comparison. Next, I attached these response options to measures of Mindfulness, 
Conscientiousness, and Agreeableness and collected data from approximately 2,100 
respondents (approximately 1850 completed the equal versions, and approximately 1850 
completed the unequal versions). To assess the equal-interval nature of the data, I used 
the polytomous IRT graded response model to compare spacing between category 
boundary locations. Equidistance between the category boundary locations would provide 





Based on the spacing between category boundary locations, the equal response 
options did not produce data that was equally spaced in an absolute sense. Additionally, 
they did not produce data that was substantially more equally spaced than the unequal 
options. Based on these results, response category wording may not make a difference in 
the spacing of category boundary locations. However, as this was just one study with a 







 Surveys have been used to gather information for centuries. In 1788, Sir John 
Sinclair needed to collect information from all 938 parish ministers of the Church of 
Scotland, and sent out the first documented mail survey. Based on his data collection, he 
published what we would now call descriptive statistics in his Statistical Account of 
Scotland. Nearly 125 years later, Professor Bowley of the London School of Economics 
and Political Sciences sampled residents of five British cities to participate in structured 
interviews as part of a study on British working-class conditions. Many consider this to 
be the first scientific survey – that is, one based on proper research methodology and 
conducted for purposes of scientific research (de Heer, de Leeuw, & van der Zouwen, 
1999).  
 Clearly, then, surveys have a long history of use which continues to this day. 
Despite their potential drawbacks, surveys are frequently used by researchers in areas as 
diverse as marketing, political science, sociology, psychology, and medicine. They have 
intuitive appeal – if a researcher wants to know something about a group of people, why 
not just ask them? This is the logic behind the use of surveys in educational and 
psychological research, where the constructs of interest are difficult, if not impossible, to 
measure directly in the same sense that physical characteristics such as height may be 
measured. If an academic program director wants to know whether a professor provides a 
welcoming environment for his or her students, or a psychologist needs to identify how 





the professor’s students or the client herself. However, this method of obtaining needed 
information is not without its problems, as will be discussed in this paper. 
 With the advent of the internet and the ease of administering surveys online (de 
Leeuw, 2005), there has been a rapid increase of surveying about anything and 
everything, particularly among college students. In fact, college students receive so many 
surveys that an entire literature has developed to study the impact that survey fatigue may 
have on students’ response rates and response accuracy (Porter, Whitcomb, & Weitzer, 
2004). Researchers’ attachment to the self-report survey as a means of gathering data is 
not likely to go away any time soon. As a result, it is important to understand how 
surveys are being used, what their potential drawbacks are, and how to construct surveys 
that will provide the most accurate information in order to make valid inferences.  
At this point, it is important to note that there is a technical distinction between 
surveys and scales. Specifically, a scale is a series of items designed to measure a single 
construct (for example, happiness), whereas the word “survey” is often used to refer to a 
collection of scales as well as demographic items. For example, a survey on life 
satisfaction may include several demographic items along with a happiness scale, a sense 
of fulfillment scale, and a hopelessness scale; taken together, the three scales on the 
survey provide a more well-rounded picture of respondents’ life satisfaction than any 
single scale alone could. In this dissertation, however, I will use the terms survey and 
scale interchangeably. 
Surveys in Educational and Psychological Research 
 Surveys may take many forms and address many different topics. In educational 





week did you study for this class?” or “In the past month, how many times have you felt 
happy?”); attitudinal or opinion-based (“Rate your satisfaction with your calculus 
professor this year” or “Do you believe people are basically good?”); or may measure 
some personality trait or characteristic (e.g., an extraversion scale).  
 In this dissertation, I am primarily concerned with the latter two types of surveys: 
attitudinal surveys and surveys measuring traits or characteristics. The latter type could 
arguably be considered a special type of attitude scale wherein the respondents express 
attitudes about themselves, especially if one considers Thurstone’s (1928a) definition of 
attitude as “the sum total of a [person’s] inclinations and feelings” (p. 531). Thurstone 
(1928a) was one of the first scientists to attempt an explicit explanation of how 
researchers may go about measuring attitudes. In his groundbreaking paper “Attitudes 
Can Be Measured”, he made a distinction between attitudes – a person’s feelings about a 
particular topic – and opinions – the verbal expression of one’s attitude. Thus, an 
individual who responds Yes to the question, “Do you believe a country should avoid war 
at all costs?” has a pacifist opinion, which a researcher may then interpret as representing 
a pacifist attitude as well. However, this representation is not guaranteed; perhaps the 
respondent lied because he or she felt pressured to respond in a certain way. In this case, 
the attitude and opinion would be different. 
Therein lies a fundamental issue with survey research. Survey researchers have 
access to respondents’ opinions, but what they really want is respondents’ attitudes – 
their true feelings or, to put it in more psychometrically oriented terms, their true level of 
the construct of interest. Thus, from a scientific standpoint, it is the indirect nature of 





valid inferences from their results. It was posited earlier that the logic behind surveys is 
simple – if one needs to know something about a sample or population, why not just ask 
them? In Thurstone’s (1928a) parlance, if a researcher wishes to know individuals’ 
attitudes towards something, simply ask them for their opinion. However, the question 
next becomes, How should we ask them? At first glance, this may seem like an 
unimportant question. I want to know how depressed my client felt last week, a therapist 
might say; why should the mode in which I ask him or the precise wording I use make a 
difference? However, these things do matter. For instance, asking a respondent a survey 
question in person, over the phone, on a paper survey, or online can change the answer 
and/or the response process (Belson, 1986; Fowler, 2002; Jaeger, 1988; Tourangeau, 
Rips, & Rasinski, 2000). Additionally, no matter how the survey is presented, 
respondents may interpret survey items in a way that does not reflect the intention of the 
researcher. Despite these potential pitfalls, it is possible to construct surveys in such a 
way as to minimize the discrepancy between the expressed opinion and the attitude itself. 
Some of these general best practices are the focus of the next section. 
What makes a good survey? Based on the ideas in Thurstone’s writings as 
described above, a “good” survey is one that best solicits expressed opinions that reflect 
respondents’ actual attitudes. Doing so means that the survey must be constructed in such 
a way that each item perfectly taps into the construct of interest, all respondents perfectly 
understand the intention of the item, and all respondents interpret and use the response 
options in the same way. Of course, doing all of these things perfectly is impossible, but 






Typically recommended general considerations when writing survey items are 
largely based in common sense. For example, items should be clear and concise to avoid 
unduly burdening participants with the task of determining what an item is asking. Items 
should also not be double-barreled – that is, address more than one issue. For example, 
the item “I believe the parking on campus is affordable and accessible” is double-
barreled; if a respondent thinks parking is affordable, but not accessible, how would he or 
she answer? And how would the researcher interpret an answer to this question? Best 
practices also suggest avoiding universal words such as “all”, “always”, or “never.” 
These words encourage respondents to consider exceptions and thus disagree with the 
item, when in fact this may not accurately represent their general attitude towards the 
issue addressed in the item. Survey developers should also avoid complicated vocabulary 
that may not be understood by all respondents; a sixth grade reading level is a typically 
recommended standard (Bandalos, 2018; Edwards, 1957). 
Although these basic suggestions for writing good survey items are useful and 
certainly contribute to ensuring a match between expressed opinions and actual attitudes, 
there are larger considerations to keep in mind. An item may be written clearly and 
concisely, yet the wording used may still have a substantial impact on responses. For 
example, Langer (1989) compared the percentage of respondents who agreed with three 
different survey items about affirmative action on three different surveys. The first item 
asked, “All in all, do you favor or oppose affirmative action programs in employment for 
blacks, provided there are no rigid quotas?” The second item asked, “Do you think blacks 
and other minorities should receive preference in hiring to make up for past inequities, or 





blacks and other minorities, which do not have rigid quotas?” Clearly, all three items are 
asking about the same thing – respondents’ attitudes towards affirmative action. 
However, the percentages of respondents agreeing with each item varied widely: 74%, 
21%, and 56%, respectively. Clearly, the wording used can have a significant impact on 
responses, yet many survey researchers do not pay nearly enough attention to this fact. 
Further complicating matters is that it is not just item wording that may affect responses, 
but other survey characteristics as well. When tangential characteristics of the survey 
items, response options, or the survey itself cause changes in respondents’ answers to 
survey items, it is called a response effect. 
Response effects. Response effects will be discussed in further detail later, but 
are described briefly here. As one example of a survey characteristic that may cause a 
response effect, research has indicated that the order in which survey items are presented 
on a scale may affect a given participant’s response. A survey of university alumni may 
ask respondents, “Do you have fond memories of your time at this university?” Then, 
later in the survey, they are asked, “Would you be willing to donate to the university in 
an annual funding drive?” It is likely that prompting respondents to think about their 
good experiences at the university will make them more likely to respond positively to 
the second question about donating to the university. However, had the questions been 
presented in the opposite order, this may not have been the case. 
Order effects are just one example of many seemingly minor characteristics that 
may cause response effects, and thus impact whether respondents’ expressed opinions 
reflect their true attitudes. As a result, it is important for survey developers to be aware of 





effects. Unfortunately, this is easier said than done. Not only can it be difficult to 
consider all potential sources of response effects when constructing a survey, it may also 
be unclear what effect a given characteristic may have. Furthermore, it may be the case 
that avoiding one type of response effect may instead cause another. Thus, survey 
developers are faced with the task of constructing surveys in a way that minimizes 
response effects and maximizes the match between respondents’ expressed opinions and 
actual attitudes, while realizing that crafting the perfect survey is impossible. However, 
awareness of major potential pitfalls in survey construction can aid researchers in 
developing the best possible survey. The current study contributes to this goal by 
investigating one specific area of survey development: response options. 
Effects of Response Options 
The response options for a given set of survey items are an important potential 
source of response effects. A respondent who interprets a survey item exactly as intended 
by the item writers may nonetheless provide an inaccurate response to the item if the 
response options are unclear, or if the respondent is unable to accurately map his or her 
answer to the options provided. For example, an attitude scale may include ten response 
options for each item, representing various degrees of agreement. With so many options, 
a respondent may have a difficult time distinguishing between option 3 and option 4. As 
another example, a set of response options may have only the endpoints labeled (e.g., a 5-
point response scale with 1 – Completely Disagree and 5 – Completely Agree and no 
labels for options 2-4). In this case, respondents may be unsure of what is represented by 
options 2-4 and have difficulty mapping their answers onto the choices provided. Thus, 





Equal interval response options. Survey response options typically follow some 
sort of continuum. For example, consider a version of the often-used Likert response 
scale (Likert, 1932): Strongly Disagree, Disagree, Agree, Strongly Agree. These response 
options are arranged along a continuum of agreement, and may be pictured as such (see 
Figure 1). Consider a horizontal line with lack of agreement, or disagreement, on the left 
and agreement on the right. Strongly Disagree would fall furthest to the left, with 
Strongly Agree furthest to the right and Disagree and Agree in between. In Figure 1, note 
how the response options have equal spacing between them. That is, the physical distance 
between Strongly Disagree and Disagree is the same as the distance between Disagree 
and Agree. This physical distance may be thought to represent conceptual distance as 
well. This spacing represents an implicit assumption that Likert scales are equal interval 
measures, and can therefore be treated as such in statistical methods applied to the 
resulting data. Methodologists disagree about the degree to which this assumption is 
tenable.  
For example, is Disagree as conceptually far from Strongly Disagree as it is from 
Agree? That is, are the response options equally spaced along the agreement continuum? 
Consider a different set of response options: Completely Disagree, Strongly Disagree, 
Strongly Agree, and Completely Agree. One may convincingly argue that Completely 
Disagree and Strongly Disagree are virtually the same response, and thus the distance 
between Completely Disagree and Strongly Disagree is much smaller than the conceptual 
distance between Strongly Disagree and Strongly Agree (see the second part of Figure 1). 
The first set of sample response options might be called equal interval; the second set 





It may be difficult for a respondent to map his or her answer onto an unequal 
response scale. For example, suppose a respondent received the second example response 
scale (Completely Disagree, Strongly Disagree, etc.), but felt fairly neutral on the topic 
addressed in the survey item. If the respondent felt that both Completely Disagree and 
Strongly Disagree represented high levels of disagreement, he or she would be confused 
about which response option to choose. In addition to being potentially confusing to 
respondents, results from an unequal interval scale may lead researchers to interpret 
results incorrectly – not only at a conceptual level but also at a statistical one. Nearly all 
commonly used inferential statistical analyses assume that data are equal interval, as do 
many descriptive statistics. When statistical assumptions are not met, results may be 
biased and the conclusions drawn from them may be wrong, which poses a serious issue 
for the validity of one’s inferences. Thus, unequally spaced response options may result 
in response effects (respondents providing responses that do not accurately reflect their 
true attitudes) as well as issues with the interpretation of analysis results. 
Current Study: Purpose and Research Aims 
Because of the importance of using equal interval response options in surveys, the 
aim of the current study is to develop a set of equal interval Agree/Disagree Likert 
response options. These types of response options are frequently used in surveys with a 
variety of different modifiers (e.g., Completely, Strongly, Moderately, Mostly, Slightly, 
etc.); however, to date no studies have examined which set of modifiers results in the 
most equally spaced response options. To that end, this paper begins with a general 
discussion of the response process and how response effects may interrupt various stages 





interval and why this is important in a measurement context. After providing historical 
context via a description of different types of response options, I discuss using 
polytomous item response theory analysis to determine whether a scale is equal interval. 
Finally, I present the methods and results for my own study, wherein I developed sets of 
equal and unequal interval response options and compared them to determine whether the 
equal interval set was more equally spaced than the unequal interval set. 
This study was guided by three research aims:  
1. To identify a set of equal-interval Agree/Disagree response options, based 
on the comparative ratings of many judges. For purposes of comparison, I 
also identified a set of unequal response options. 
2. To use the graded response model category boundary location estimates to 
determine whether the response categories resulting from the equally 
spaced response options were relatively equally spaced, and whether the 
response categories resulting from the unequally spaced response options 
were unequally spaced. 
3. To use the graded response model category boundary locations to 
determine whether the response categories resulting from the equally 
spaced response options were more equally spaced than those from the 









 Surveys are an important component of educational and psychological research. 
As the simplest mode of collecting data on the attitudes, opinions, or traits of a given 
sample of respondents, they will likely continue to see widespread use in the future. 
However, as pointed out by Thurstone (1928a), there is a difference between a 
respondent’s expressed opinion and his or her actual attitude – that is, one’s response to a 
survey item may not accurately reflect reality. As such, it is crucial to construct surveys 
in such a way that the discrepancy between the specified attitude and the actual opinion is 
minimized. To accomplish this, survey developers must – among other things – consider 
the provided response options themselves. This paper focuses specifically on the issue of 
equal interval response options and the impact it may have not only on the survey 
responses themselves, but also on the interpretations made by researchers based on 
analysis of the survey data. 
Response Effects 
 To understand why unequal interval response options may pose a problem, it is 
necessary to first understand how seemingly tangential survey characteristics may 
influence the response a participant provides. Thus, I will first discuss the response 
processes in which survey respondents engage as well as the issue of response effects in 
surveys. This will lead into a discussion regarding equal interval response options. 
 Response processes. The term “response process” is used in the survey literature 
to describe the process in which respondents engage when answering survey items. There 





be described here. Note that these models apply to respondents seeking to actively 
respond to survey items (as opposed to simply choosing the first relevant response, a 
strategy known as satisficing which will not be discussed in detail here). 
 Tourangeau and Rasinski’s model. Tourangeau and Rasinksi (1988) describe a 
four-step model in which respondents (a) interpret the question, (b) retrieve the 
information needed to respond, (c) form a judgment based on the information retrieved in 
the second step, and (d) record their answer. In the interpretation step, respondents must 
not only determine what the question is asking, but also “activate” the appropriate 
attitude in their long-term memory. Some attitudes are well-formed – for example, if the 
item addresses a social issue about which the respondent is passionate – and thus may be 
activated quickly and accurately. Other attitudes – for example, those addressing topics 
about which the respondent knows very little – are more difficult to activate, and in fact 
may never be activated accurately if they pertain to a topic with which the respondent is 
completely unfamiliar. Unsurprisingly, if a respondent fails to correctly interpret the item 
and activate the appropriate attitude in this step, his or her response to the item may be 
invalid (Tourangeau, Rips, & Rasinski, 2000). 
 For the retrieval step, respondents retrieve needed information from their now-
activated attitudes. If an attitude is well-defined as described above, this step is typically 
accomplished quickly and easily. However, if respondents do not have an already-
existing attitude about the topic at hand, they may need to construct one based on 
superficial knowledge or context clues (Tourganeau & Rasinski, 1988). 
 In the judgment step, respondents use the information retrieved in the previous 





plays a role in this step as well. For example, a respondent who is a vegan because she 
has strong opinions regarding animal rights would likely have no trouble deciding to 
agree with the item, “Large-scale factory farming is morally wrong.” However, a 
respondent who has never considered the issue of factory farming – or does not even 
know what it entails – may try to form an opinion on the spot, or even withhold judgment 
by declining to answer the question or selecting “no opinion” if that option is available 
(Tourganeau & Raskinski, 1988; Tourganeau, Rips, & Rasinski, 2000). 
 Finally, in the recording step, respondents provide their answer to the survey item. 
Usually, the item has a pre-determined set of response options (for example, a Likert 
scale), which means that the respondents must map their opinions onto the response 
options. Although this may seem straightforward, if the response options do not match 
the respondents’ judgments or if these are unclear or confusing, this step may be difficult. 
Perhaps the respondent perceives that multiple response options represent his or her 
opinion, or has trouble distinguishing between contiguous scale points. When this occurs, 
the respondent may spend time thinking about his or her response; pick one somewhat 
randomly and move on; or skip responding altogether (Tourganeau & Rasinski, 1988). 
 Sudman, Bradburn, and Schwartz’s model. Another commonly cited response 
process model was described by Sudman, Bradburn, and Schwartz (1996). They proposed 
five steps rather than Tourangeau and Rasinksi’s (1988) four, but the steps are quite 
similar: interpreting and understanding the question, retrieving information, producing an 
opinion, formatting the response, and editing the response. One intriguing distinction 
made by Sudman and colleagues involves the interpretation phase. They posit that 





intended meaning. The lexical meaning refers to respondents’ understanding of the words 
used in the item and what the item is asking in a literal sense. In contrast, respondents use 
conversational norms and logic to determine the item’s implied meaning – that is, what 
information the item writer actually wants. For example, Grice (1975) describes several 
“conversational maxims”, or rules that govern conversation. Although surveys are not 
conversations in a literal sense, Sudman, Bradburn, and Schwartz (1996) posit that 
respondents may treat them as a conversation in that they use conversational maxims 
when answering survey questions. One of these maxims stipulates that any statement 
made is meaningful and relevant to the conversation; when applied to a survey, this 
means that respondents assume that any questions asked are meaningful. Thus, if a 
respondent is unfamiliar with an issue or topic addressed in a survey item, he or she will 
likely still feel compelled to answer, given that the “conversation” implies that the issue 
addressed in the item is relevant. As a result, respondents will do their best to understand 
the intended meaning of the item, perhaps using context clues to determine what the 
unfamiliar issue is. 
 An additional distinction between Sudman et al.’s (1996) model and Tourangeau 
and Rasinksi’s (1988) is the presence of the editing step. As suggested by the name, this 
step involves further consideration, and possible changing, of one’s response to an item 
prior to recording it. This step is more common in face-to-face interviews, but may occur 
in surveys as well. For example, a respondent may go through the understanding, 
retrieval, opinion-forming, and response-mapping steps, but then consider other 





this step in survey response is socially desirable responding, in which a respondent 
changes the “actual” answer to appear more socially acceptable. 
Response effects. Although survey theory posits that, for the most part, 
respondents seeking to actively respond to survey items go through the steps described 
above, it is possible for various outside factors to influence, or even interrupt, each step 
of the response process. These factors cause response effects – that is, changes in survey 
responses that are a result of tangential characteristics of items, the overall survey, or the 
respondents themselves (Tourangeau, Rips, & Rasinski, 2000). For example, one 
potential response effect cause that will be discussed in more detail in a subsequent 
section is negative wording. When an item is worded negatively, it may affect responses 
– for example, respondents with low verbal ability may have a more difficult time 
understanding the item (i.e., the interpretation phase of the response process is impacted) 
and may thus not provide as accurate an answer as they would have if the item had been 
phrased positively. Thus, the wording of the item – which is tangential to the item’s 
primary purpose – has impacted the response and produced a response effect. 
As already mentioned, response effects may be caused by characteristics of 
respondents themselves or of items. Within an item, the cause may be the word choice in 
the item stem, the response options, or both. For example, suppose the item is vaguely 
worded. Vague wording may appear in the item stem (“I frequently watch television”) or 
in the response options (“How frequently do you watch television?” Never, Rarely, 
Sometimes, Often, Always). In either case, the ambiguity of meaning for vague words 
such as “frequently” may impact a particular stage of the response process. If the vague 





are in the response options, the respondent’s ability to record the answer would be 
impacted. 
Although the response process models described above differ slightly, the basic 
idea is the same, and points to the importance of constructing attitude scales in a way that 
minimizes confusion and allows respondents to provide true answers with minimal effort. 
If any step in the response process is disrupted, the resulting response may be inaccurate 
and invalid. There are many characteristics of survey items and response options that may 
cause response effects, and it is not possible to discuss all of them here. However, I will 
touch briefly on several that have seen extensive research and/or that appear to have a 
substantial impact on various stages of the response process. 
Negative keying. Negative keying refers to survey items that are reverse worded 
– that is, endorsing the item indicates that a respondent has lower levels of the construct. 
For example, a scale designed to measure depression might have the item, “I feel happy 
most of the time.” When scoring this item as part of the depression scale, a researcher 
would likely want to reverse score this item so that high scores indicate high levels of 
depression. The main advantage of using negatively keyed items is that it allows 
researchers to detect respondents who respond to a survey inconsistently. For example, if 
a respondent answers Strongly Agree to both a positively and negatively keyed item, this 
implies the respondent is either not reading the items carefully, is randomly responding, 
and/or has difficulty understanding and interpreting negatively worded items. Research 
has indicated that negative keying can have a substantial influence on responses 
(Barnette, 2000; Chang, 1995; Coleman, 2013; Corwyn, 2000; Tomás & Oliver, 1999). 





affects all subsequent phases, as well the recording step in which respondents must map 
their answers onto the provided response options. If a respondent does not interpret an 
item correctly from the beginning, his or her response will likely be inaccurate, and 
inferences made from that item will be invalid. As a result, survey creators should use 
and interpret scores from surveys with negative keying with caution. 
 Vague wording. It is difficult to find a survey that does not include items with 
vague wording such as “many”, “often”, “sometimes”, or “frequently.” In many cases, 
the use of such language is less awkward than more specific wording. For example, the 
wording of the item “I frequently forget to do things I have to do” sounds more natural 
than the more-specific “80% of the time when I have to do something, I forget.” If the 
goal is to make survey items easily understandable so that they require minimal effort to 
respond accurately, it may not make sense to include items with awkward wording. 
 However, the main issue with vague wording is that it invites ambiguity. By 
definition, vague words are open to interpretation, which can lead to ambiguity or 
confusion as respondents try to determine what a question is asking. Numerous studies 
have shown that people interpret various common vague words differently (e.g., Bass, 
Cascio, & O’Connor, 1974; Laird, 2008). This poses a major problem for the 
interpretation of survey results. If respondents interpret the words in the item stem or the 
response options differently, then the meaning of their responses will differ as well. 
Suppose two respondents respond Strongly Disagree to the item, “I watch television 
frequently.” However, the first respondent thinks “frequently” means every day, but the 
second respondent thinks it means twice a week. These two respondents’ Strongly 





responses as referring to the same frequency. Thus, as with negatively keyed items, vague 
wording can impact the interpretation phase of the response process, and thus all 
subsequent steps; it could also arguably impact the recording step in which respondents 
must map their answer onto the provided response options. 
 Including a neutral option. In addition to the wording of the item stem itself, 
response options may impact responses. One common consideration when selecting a set 
of response options is whether to include a neutral option. For example, in the typical 
Agree/Disagree Likert scale, Neutral may be included in the middle of the set of response 
options – Strongly Disagree, Disagree, Neutral, Agree, Strongly Agree. The main 
advantage of including a neutral option is that respondents with truly neutral opinions – 
that is, respondents who are completely ambivalent – about a topic do not have to give a 
false response. Without the inclusion of Neutral, a respondent is forced to choose either 
Disagree or Agree, which may not accurately represent his or her opinion (Nowlis, Kahn, 
& Dahr, 2002).  
 However, the alternative argument is that there are so few topics about which a 
given respondent may be truly neutral that it is worth forcing people to choose to get a 
meaningful response. This leads to the main disadvantage of including a neutral option, 
which is that it gives “lazy” respondents an easy response that does not require much 
thought (Krosnick, 1991). Similarly, Neutral poses a problem of interpretation. How 
should neutral be coded? If it was selected because the respondent had a truly neutral 
opinion, then it falls conceptually between Disagree and Agree and should be retained in 
the data. However, if a lazy respondent is selecting it to avoid thinking about the item, it 





& Stachowski, 2009). Thus, although Neutral does not directly impact responses, it still 
impacts the validity of interpretation. 
 Number of scale points. There is considerable variability among attitudinal 
scales in the number of scale points included in the response option set for Likert items. 
Some attitudinal measures may include as few as two response options whereas others 
may include as many as ten. Logically, more scale points allow respondents to provide 
more detailed or nuanced views of the construct of interest. For example, an item may 
ask, “How satisfied are you with the availability of parking on campus?” A two-point 
response scale (Not Satisfied and Satisfied) would not provide as much information as, 
say, a four-point scale (Very Unsatisfied, Unsatisfied, Satisfied, Very Satisfied). Research 
regarding this topic suggests that there is an optimal number of scale points, which falls 
somewhere between not having enough to accurately represent one’s attitude and having 
so many it is impossible to differentiate among them. Reliability is a particular focus of 
these studies; results suggest that internal consistency reliability increases with the 
number of response options up to 5-7, then levels off or decreases (Bandalos & Enders, 
1996; Lissitz & Green, 1975; Lozano, Garcia-Cueto, & Munez, 2008; Nunnally, 1978). 
As an additional consideration, a small number of response options may not represent 
continuous latent constructs well, which typically results in underestimation of loadings 
in factor analysis and other latent variable methods (Bandalos, 2014; DiStefano, 2002; 
Dolan, 1994; Green, Akey, Fleming, Hershberger, & Marquis, 1997; Hutchinson & 
Olmos, 1998).  
Response option labeling. Surprisingly, there has been little research on the 





five-point scale may only have point 1 (Disagree) and 5 (Agree) labeled, leaving the 
middle three response options simply numbered. This orients respondents to which end of 
the scale is which, but allows them to interpret what is meant by the other numbers rather 
than relying on the labels for their meaning. However, are respondents able to accurately 
interpret the unlabeled response options, or are they simply drawn to the labeled options? 
Studies have suggested that when certain options are labeled, respondents are 
disproportionately more likely to select those options (Borgers, Hox, & Sikkel, 2003; 
Borgers & Hox, 2000; Schuman & Presser, 1996). Additionally, full labeling may lead to 
higher internal consistency reliability (Krosnick & Berent, 1993). This may be because 
respondents are better able to map their attitudes onto a fully labeled scale (i.e., the 
recording phase of the response process), and thus responses are more consistent and 
accurate. 
Equal Interval Response Options 
 As exemplified above, response effects can occur as a result of the characteristics 
of the items themselves (e.g., negative keying, vague wording), as well as the response 
options (e.g., including a neutral option, labeling all responses versus only the endpoints). 
An additional consideration with response options that may result in unwanted response 
effects is whether or not the conceptual distance between the response option labels are 
conceptually equidistant from one another. This is often referred to in the literature as an 
equal interval response option set and is the consideration of interest in this paper.  
To understand what is meant by describing a set of response options as equal 
interval, it is necessary to first understand the distinction among the various levels of 





scales) of measurement first described in Stevens’ (1946) classic paper, in which he 
described the differences among nominal, ordinal, interval, and ratio data. He also 
introduced the concept of permissible statistics – that is, the statistical operations that 
may be validly used with each level of measurement. In the nominal level of 
measurement, the numbers assigned to a set of response options are meaningless in a 
numeric sense. For example, an item asking about respondents’ gender may assign 1 to 
males and 2 to females, but this does not mean that a response of 2 represents a higher 
level or amount of gender than a response of 1; rather, 1 and 2 were arbitrarily assigned 
to each response, and could just as easily have been two other numbers. Given their 
arbitrary nature, only descriptive statistics such as frequency counts or the mode may be 
used for nominal data. Next, in an ordinal scale, the numbers assigned to response 
options represent a rank ordering. For example, a person who places first in a race is 
“higher” than the person who placed second; and the person who placed second is in turn 
higher than the person who placed third. However, it is possible that the second and third 
place runners finished within two seconds of each other, whereas the first place runner 
finished twenty seconds ahead of the second place runner. Thus, although 1 is higher than 
2 which is higher than 3, the distance between the scale values is not necessarily the 
same. As a result, the median is appropriate for use with ordinal data, but not the mean. 
What separates ordinal measurement from interval measurement is that the latter assumes 
both rank ordering and equal spacing. For example, on the Fahrenheit temperature scale, 
the temperature difference between 60 and 65 degrees is the same as the temperature 
difference between 65 and 70 degrees. That is, the distance between each point on the 





measurement adds the additional restriction that there must be an absolute zero point of 
the scale – that is, there must be a point at which there is a complete lack of what is being 
measured. A common example is the Kelvin temperature scale, in which absolute zero 
represents a total lack of heat/atomic movement. For both interval and ratio level data, 
many more statistical operations are permissible, such as the mean, standard deviation, 
and correlations. Note that these levels of measurement are hierarchical. That is, to have 
ordinal measurement, one must first have nominal measurement; and so on. 
Indirect measures and equal interval scales. In the measurement field, it is 
common to discuss the directness of one’s measurement. Several of the examples 
provided above pertain to the traditional definition of more direct measurements (e.g., 
temperature is a measurement of heat, a physical “thing” that may be directly observed 
via touch). However, Stevens’ (1946) levels of measurement apply to more abstract, or 
what some would call indirect, measurement as well (e.g., attitudes, which cannot be 
directly observed but must rather be measured by observing, say, responses to a series of 
survey items and making inferences back to the construct of interest; Michell, 2000). It 
should be noted that measurement “directness” is more accurately conceived of as a 
continuum. Even something as concrete as measuring the height of an object will result in 
minutely different measurements each time due to imprecision in even the most precise 
measuring tool. No matter which way one chooses to conceptualize directness of 
measurement, however, it is certainly the case that attitude scales are closer to the indirect 
end of the spectrum than to the direct end. 
Consider a typical frequency scale with responses 1 - Never, 2 - Seldom, 3 - Often, 





being intervally scaled rather than ordinally scaled – that is, they would assume that the 
intervals between each point on the scale are equal. This suggests that the conceptual 
distance between Never and Seldom is assumed to be the same as the distance between 
Seldom and Often, and so on. Put more concretely, for the response options to be interval 
one must assume that the television viewing habits of a person who selects Often, a 
person who selects Seldom, and a person who selects Never for the item, “How frequently 
do you watch television?” differ by the same amount. This concept applies to other 
attitudinal response option sets as well, including the more traditional Agree/Disagree 
Likert scales. Thus, the question becomes, are the typical Agree/Disagree Likert response 
options used with more indirect measures such as surveys equal interval? And if not, is it 
possible to create response options that are equal interval?  
There is some debate over this question in the literature. In fact, many scales used 
by psychologists may be ordinal even though they are frequently treated as interval 
(Hensler & Stipak, 1979). The Likert scale is a prime example of this. Likert scales are 
probably at least ordinal in the sense that a response of 4 – Strongly Agree is higher than 
3 – Agree, because it means the respondent who answered 4 agrees more with the item 
than the respondent who answered 3. However, some statisticians posit that Likert scales 
are technically only ordinal and should thus be analyzed accordingly (e.g., Jakobsson, 
2004; Jamieson, 2004; Knapp, 1990; Vigderhous, 1977). For example, Vigderhous 
(1977) used both a Kendall’s tau (rank-order) correlation matrix and a Pearson’s 
correlation matrix from a set of ordinal data to calculate partial correlations and 
regression coefficients. He found the results of the “ordinal method” (rank-order 





concluding that it is inappropriate to use continuous methods with categorical data. 
However, Labovitz (1970) conducted a study wherein he used both random and non-
random assignment of numeric values to ratings of the prestige of various occupations 
(i.e., ordinal, rank-ordered data). He then calculated Pearson’s r correlation coefficients 
between prestige and suicide rates and found that the correlations differed little across the 
various numeric assignment methods, thus concluding that continuous data methods may 
be applied to ordinal data. Although both these results are interesting and demonstrate 
that it is possible to get different results from the two types of methods, it is less clear 
where and under what conditions this would hold. As a result, it is likely still desirable to 
use interval-level analyses with interval-level data. 
On the other hand, an implicit assumption made by most researchers using ordinal 
response options is that the response options are categorical representations of an 
underlying continuous construct. However, whether the latent construct is continuous or 
not is irrelevant if the response options do not occur at equal intervals along that latent 
continuous scale. In the words of Hensler and Stipak (1979), it is important that “category 
values…be chosen to minimize distortions of the underlying metric” (p. 627). That is, 
researchers should select response options that preserve as closely as possible the 
presumed continuous nature of the underlying variable. However, when considering the 
response scales typically used in survey research, can researchers really assume that the 
distance between 4 - Strongly Agree and 3 – Agree is the same as the distance between 3 
– Agree and 2 - Disagree?   
Even response options pertaining to ideas that are less abstract than agreement 





Periods of time could arguably be considered to represent an interval level of 
measurement if the response option set included options such as Zero times a week, Once 
a week, Twice a week, Three times a week, Four times a week (Jamieson, 2004; Stevens, 
1946). However, the typical frequency scale either uses categories with unequal intervals 
(e.g., Once a week, 2-4 times a week, 5-7 times a week, 8+ times a week), or does not 
include such specific options and instead uses ambiguous words (e.g., 1 - Never, 2 - 
Seldom, 3 - Often, 4 - Always). As already discussed, ambiguous phrasing poses a serious 
problem for attitudinal scales given that respondents will almost certainly interpret them 
in different ways (as illustrated in Pohl, 1981, described below). If this is the case, then 
they will also perceive the spacing between response options to be different as well. 
Thus, the issue of ambiguous interpretation impacts the equal interval nature of the 
response options. 
 Issues with treating ordinal scales as interval. Treating an ordinal scale as 
interval may have profound implications for the validity of response interpretation. 
Specifically, if a set of response options really represents the ordinal level of 
measurement but the researcher interprets it as interval, it is likely that results based on 
the difference among the different responses will be misconstrued. Continuing the 
previous television watching example, a researcher treating the response options as equal 
interval will assume there is the same frequency difference between respondents 
answering Often and Sometimes as there is between respondents answering Sometimes 
and Never. However, it may actually be the case that respondents interpret Sometimes and 
Never as basically the same amount of time, whereas there is a large jump in frequency 





 Treating an ordinal scale as interval may also present a serious issue regarding 
the statistical methods used. Specifically, nearly all commonly used parametric inferential 
statistical techniques assume that data are interval, as does the use of means and standard 
deviations to provide descriptive information for one’s data. When this assumption is 
violated, the results of the analyses can be biased and the conclusions that may be drawn 
from the descriptive statistics may be incorrect. Additionally, there is an issue of 
interpretation – for example, in a regression equation, the lack of equal interval response 
data means it is not possible to know that a slope value of 2 indicates that a person gains 
2 Y units for every 1 unit increase in X. If data are ordinally scaled, they should be 
analyzed and described using nonparametric analyses and measures of central tendency 
such as the median and mode (Clason & Dormody, 1994; Jamieson, 2004; Knapp, 1990; 
Marcus-Roberts & Roberts, 1987; Siegel & Castellan, 1988; Stevens, 1946; Vigderhous, 
1977), or other techniques that can account for the ordinal nature of the data (for 
example, using diagonally weighted least squares estimation in SEM; Adams, Fagot, & 
Robinson, 1965; Finney & DiStefano, 2013; Muthén 1978, 1984; Muthén & Satorra, 
1995).  
It should be noted, however, that there is some disagreement regarding whether or 
not ordinal data may be treated as interval. Various statisticians have proposed special 
analyses that may be used with ordinal data to account for its ordinal nature (Siegel & 
Castellan, 1988; Winship & Mare, 1984). However, other researchers support the practice 
of treating ordinal data as interval for practical reasons. For example, Labovitz (1967, 
1970) argues that the small error that may result from the practice is far outweighed by 





argue that “from a pragmatic point of view, the only meaningful evaluation of this 
procedure [of treating ordinal data as interval] is one based on an evaluation of the 
usefulness of the resulting scale…to the extent that this scaling produces a good 
empirical predictor, the stipulated interval scaling is justified” (p. 22). Crocker and 
Algina (2008) concur, saying, “If it can be demonstrated that the scores provide more 
useful information for placement or prediction when treating the scores as interval data, 
they should be used as such” (p. 63). Other researchers extending this idea have 
suggested that if it is assumed that the continuous variable implicitly underlying the 
ordinal variable is normally distributed, statistics such as Pearson’s correlation coefficient 
or some significance tests are mostly unbiased (Baggaley & Hull, 1983; Clason & 
Dormody, 1994; Henkel, 1975; Kim, 1975; Marcus-Roberts & Roberts, 1987; Maurer & 
Pierce, 1998; Vickers, 1999), although this may not necessarily be true when observed 
data are skewed (O’Brien, 1979). A related issue is that the discrete (non-continuous) 
nature of ordinal data means that it cannot be truly normally distributed (Finney & 
DiStefano, 2013). Even statisticians who ignore this fact and support treating ordinal data 
as interval would no doubt agree that having a truly equal interval scale is still preferable 
when possible. 
Counter-arguments. Although many researchers, past and present, have 
recognized the importance of equal interval scales, other researchers challenge Stevens’ 
levels of measurement altogether. Perhaps the most notable of these researchers is Joel 
Michell, who takes issue with the idea that psychological attributes are quantifiable under 
Steven’s system – an assumption that forms the basis of psychometrics itself (Michell, 





assumed that the attribute or construct they are attempting to measure has a quantitative 
structure. This assumption makes it is possible to create standardized methods (e.g., tests, 
surveys) with which to measure these attributes of interest. However, without performing 
what Michell calls “the scientific task of quantification” (Michell, 2000, p. 649) – that is, 
testing a construct for quantitative structure – this assumption is unfounded and 
psychological measurement itself may be fallacious. However, according to Michell, this 
scientific task of quantification is never seriously attempted, and in fact most if not all 
researchers do not know how to go about it. In fact, Michell himself says little about what 
practical steps researchers can take to establish whether a construct has quantitative 
structure, although he points to Luce and Tukey’s (1964) theory of conjoint measurement 
as providing a “range of decisive, indirect tests for the hypothesis that attributes are 
quantitative” (Michell, 1997, p. 373).  
Despite not outlining practical steps himself, Michell still refers to the lack of 
consistent establishment of quantitative structure as a failure on the part of psychologists. 
He further believes that Stevens’ (1946) levels of measurement have merely masked the 
issue rather than addressing it. Specifically, Michell (2000) posits that psychologists 
today nearly all follow Stevens (1946)’s definition of measurement as “the assignment of 
numerals to objects or events according to rules” (Michell, 2000, p. 650). However, this 
definition is different from a quantitatively-oriented definition of measurement as the 
comparison of one magnitude with an agreed-upon unit (for example, a kilogram), 
counting how many times the unit of interest (the kilogram) is represented in the 
magnitude of interest. For example, when measuring the length of a garden snake, we 





length. However, Stevens’ looser definition of measurement means that rules for 
assigning numerals to things (such as attitudes or constructs) may be constructed 
haphazardly – that is, researchers may use whatever rules they like to assign numbers to 
attributes of interest, but that does not mean those numbers represent anything 
meaningful in a quantitative sense. Michell (2000) believes that the only way to conduct 
meaningful measurement in psychology is to first establish that psychological constructs 
and attributes are quantitatively measurable, and he does not believe that any serious 
effort has been made to do so, as discussed above. As a result, he questions the scientific 
nature of psychometrics as a whole. 
Earlier in this paper, the question was posed: Is it possible to create equal interval 
scales with measures of abstract educational and psychological constructs? Although 
Michell may take issue with the idea of interval-level measurement as defined by 
Stevens, he would likely agree that the question of creating scales with these properties is 
important. This is because a construct with quantitative structure would most likely also 
have the properties of interval-level data – said another way, without the properties of 
interval-level data, a construct cannot have quantitative structure. In a broad conceptual 
sense, then, Michell would likely support the goal of this paper, but would still take issue 
with the fact that the issue of quantitative structure has not been directly addressed.  
Although many of Michell’s points have merit, his is not the dominant view in the 
field of psychometrics and survey research. Several researchers who have responded to 
Michell’s arguments acknowledge the flaws inherent in psychometric measurement but 
still maintain that it is both useful and not as haphazard as Michell would suggest. For 





intelligence test scores as the final word in their research; rather, they provide a means of 
further investigation. As an example of this, Kline acknowledges that the grouping of, 
say, intelligence test items on two factors (crystallized and fluid) is not de facto proof of 
the quantitative measurability of the construct of intelligence – even though these factors 
appear consistently and are supported with validity evidence.  
Certainly, psychologists should acknowledge the limitations of their 
measurement, but much like early thermometers or other primitive measuring 
instruments, psychological measures nonetheless provide utility to researchers and are 
certainly better than nothing at all. As Crocker and Algina (2008) point out in their 
classic measurement textbook, the entire discipline of test theory is concerned with 
“estimating the extent to which…problems influence the measurements taken in a given 
situation and devising methods to overcome and minimize these problems” (p. 7). No 
serious researcher would dismiss the shortcomings of psychological measurement out of 
hand; rather, the aim of psychology and other disciplines concerned with measuring 
attitudes is to create measures that minimize these shortcomings as much as possible. As 
Thurstone (1928a) himself stated, “All that we can do with an attitude scale is to measure 
the attitude actually expressed” (p. 534). Given that this is arguably the stance of many 
psychological researchers today, in the rest of this dissertation I continue under the 
assumption that psychological attributes may be quantified and measured in a meaningful 
way, and that establishing a set of equal interval response options is a worthy goal which 
has important implications for the inferences that may be made from statistical tests. 
An additional argument that may be made (and has in some cases been made; e.g., 





may avoid the issues arising from the use of unequally spaced response options 
altogether. Specifically, use of the Rasch model in essence transforms ordinal data into 
interval by placing both items and persons onto the continuous theta (θ) scale (θ 
representing ability in a cognitive context or level of the construct in an attitudinal 
context). As a result, the question addressed in this paper may become moot when the 
Rasch model is used. However, it is unlikely that many researchers who use attitude 
scales in their research are adept at using IRT, and even if they are, it may be more 
desirable to use a simpler scoring method instead. Additionally, there are other applied 
contexts (such as opinion polling) in which one may not have enough items and/or 
respondents to use IRT. Aside from these reasons, it is of general interest to study how 
respondents treat Likert-type response scales, and/or to determine whether choice of 
response options matter in how people respond to measures. Researchers typically use 
response options such as Strongly Disagree to Strongly Agree with the implicit 
assumption that the intervals are equally spaced. However, there is little empirical 
research to support this. As a result, it is still practically useful to attempt to develop an 
equal interval Likert-type scale. 
Types of Response Options 
Given the issues with treating ordinal data as interval, some researchers have 
attempted to overcome the problem by developing specific types of scales. When 
thinking of noncognitive scales, most people probably think of a Likert scale, or some 
sort of frequency-based scale (e.g., Never, Rarely, Often, Always). However, there are 
many other types of scales, some of which saw extensive use in the past but are 





two such scales will be discussed here in addition to the Likert scale: the Guttman scale 
and the Thurstone scale. 
 Thurstone scales. Thurstone was one of the first psychologists to posit a well-
reasoned and scientific way to measure attitudes. He developed what he called the law of 
comparative judgment (Thurstone, 1927), which he based on common thought regarding 
physical comparisons and which was directly related to the psycho-physical focus of 
much early psychology research. In the early days of psychological study, many 
researchers were interested in the ability of subjects to distinguish between the intensity 
of different physical stimuli – for example, the brightness of a light or different shades of 
grey. This research often further examined whether subjects could quantitatively compare 
the intensity – for example, how many times brighter the second light was than the first 
(Michell, 1997). Distinguishing among different levels of an attitude, Thurstone argued, 
is psychologically and procedurally no different from distinguishing among various 
similar physical stimuli. The only difference is that, of course, attitudes are mental 
constructs rather than physical objects.  
Building on these ideas, Thurstone proposed two methods to develop response 
scales.  The first was based on comparative judgments – similar to how respondents 
would judge physical objects in the psycho-physical tradition (e.g., object 1 is darker gray 
than object 2; object 3 is lighter than object 2; etc.). This method involved presenting 
respondents with a series of paired comparisons – for example, Thurstone presented a set 
of respondents with pairs of crimes (e.g., arson and murder, arson and theft, theft and 
perjury) and had respondents indicate which crime in each pair was the most serious. In 





useful, the practicality of implementing such a method is difficult. Even relatively few 
items would result in a prohibitively large number of judgments that must be made by 
respondents. For example, supposing there were only 20 crimes in the study just 
described, respondents would have to make 
20 ∗ 19
2
 = 190 judgments between all possible 
pairs (Crocker & Algina, 2008; Thurstone, 1928b). 
As an alternative, Thurstone (1928a, 1929) developed the method of “equal-
appearing intervals.” In this method, the researcher must generate a large number of 
attitudinal statements, and each statement must be rated by a large number of judges. 
Judges rate the statements on an 11-point scale, ranging from “strongly favorable” or 
“strongly unfavorable” towards the attitude in question. The researcher then selects a 
smaller number of statements based on those on which judges indicated the most 
agreement (e.g., those items with a small standard deviation of ratings); items are also 
selected so that there is a fairly even range across the favorability spectrum. Each item is 
assigned a scale value based on the proportion of judges who placed each item in each 
category of favorability, and respondents are instructed to check all statements that apply 
to them. Items are scored by taking either the mean or the median of the scale values for 
the items selected (Edwards, 1957; Nunnally, 1978; Thurstone, 1928a). 
 Unsurprisingly, Thurstone scales are difficult and resource-intensive to create. 
Particularly challenging when using the equal-appearing interval method described above 
is finding items that only apply to respondents at the extreme ends of the attitude scale 
(Nunnally, 1978). One particular advantage of Thurstone’s comparative judgment 
method is that the resulting response option set may be tested to determine whether it is 





beyond the scope of this paper; however, the interested reader is referred to Crocker and 
Algina (2008).  
Guttman scales. Like Thurstone scales, Guttman scales typically consist of a 
series of statements with which respondents must agree or disagree. The items are 
arranged hierarchically such that if a person agrees with item 1, he or she will likely 
agree with all the other items (say, items 2-5); if he or she disagrees with item 1 but 
agrees with item 2, he or she will likely agree with items 3-5; and so on. Response 
patterns that are consistent with this expectation are called allowable response patterns, 
and those that are inconsistent are called errors (Crocker & Algina, 2008; Nunnally, 
1978).  
Inherent in Guttman scales is the assumption that all the items on the scale 
measure a single construct – that is, the scales are unidimensional. In fact, to be used 
properly, the items in a Guttman scale must be unidimensional. However, to point out 
issues with this assumption, Nunnally (1978) uses a set of example items similar to the 
following: 
(a) Solve for x: x2 + 5x + 23 = 50 
(b) Define the word harsh. 
(c) What is 15 x 30? 
(d) Where do you usually wear a bathing suit? (asked orally) 
If these items were administered to children aged 4 to 18, it is very likely that the pattern 
of responses would look very similar to that of a Guttman scale. That is, anyone getting 
the first item correct would get the rest of the items correct; anyone missing the first item 





so on. However, these four items are clearly not measuring a single construct. An 
additional issue with Guttman scales is that they typically must consist of a small number 
of items for the ordering to be preserved. As a final criticism, Guttman scales produce, by 
definition, only an ordinal level of measurement. Because of these issues, Guttman scales 
are rarely used today, and in fact Nunnally (1978) strongly advises against their use. 
Likert scales. A few years after Thurstone developed his equal-appearing interval 
scale, Rensis Likert published his seminal paper “A Technique for the Measurement of 
Attitudes” (Likert, 1932). In this landmark work, he introduced the well-known Likert 
scale, intended to address what he saw as a major limitation of comparative scales such as 
Thurstone’s. Specifically, he did not agree with the definition of attitudes as 
“merely…indications of assent to or dissent from particular verbal expressions” (Likert, 
1932, p. 7). He believed that comparative scales such as Guttman’s treated attitude levels 
as concrete quantities, rather than “a range within which responses move” (Likert, 1932, 
p. 8) – that is, he believed that attitudes are fluid and a response scale should reflect that 
fact. To combat these issues, he proposed a series of five response options that could be 
used with any attitude item: 1 – Strongly Approve, 2 – Approve, 3 – Undecided, 4 – 
Disapprove, 5 – Strongly Disapprove. With the more commonly used Agree substituted 
for Approve, Likert’s scale is still used today as he originally proposed it (although it is 
frequently reversed so that 5 indicates Strongly Agree and 1 indicates Strongly Disagree).  
With Likert scales, respondents select one of the five response options after 
reading an item with which they will agree or disagree (note that other numbers of 
response options are also used; other common numbers include seven, six, and four; 





chinchillas may read, “Chinchillas are my favorite rodent.” If a respondent liked 
chinchillas well enough but preferred guinea pigs, he or she may select 2 – Disagree. A 
second item might read, “Chinchillas are superior to most other small mammals”, and the 
same respondent might select 4 – Agree. After responding to a series of items about 
chinchilla attitudes, the responses would be summed (and averaged, if desired) to obtain a 
total score. A ten-item scale has a minimum score of 10 and a maximum score of 50. 
Thus, a respondent with a total score of 45 has a favorable attitude, whereas a respondent 
with a score of 10 has an unfavorable attitude towards chinchillas. 
It should be noted that, from the item developer’s perspective, Likert simply 
switched the sequential scaling from the items to the response options. That is, whereas in 
Guttman’s method the items are chosen and arranged based on the level of attitude they 
represent (sort of an attitudinal difficulty value), Likert’s scale focused on ordering the 
response options themselves (although it should be noted that surveys employing Likert 
scales should still consist of items that span the range of the construct). A further useful 
description to help distinguish among Guttman, Thurstone, and Likert scales is to think of 
them as response-centered, stimulus-centered, and subject-centered, respectively. With 
their hierarchical structure, Guttman scales are focused on the response patterns of 
subjects and are thus response-centered. For Thurstone’s equal-appearing interval scales, 
the items (stimuli) themselves are the focus, as they are rated based on how favorable or 
unfavorable they are regarding the attitude or opinion in question; that is, the items 
themselves are scaled. However, surveys employing Likert response options allow the 





towards chinchillas than respondent 2, who indicates a less favorable attitude than 
respondent 3, etc. (Crocker & Algina, 2008). 
Because Likert scales are scored by summing the responses, they have intuitive 
appeal; it makes sense that higher scores indicate “more” of the attitude. Additionally, 
internal consistency measures such as Cronbach’s alpha may be used to assess their 
reliability, which provides a further advantage. Specifically, using alpha with Thurstone 
scaling would require the incorporation of the item weights assigned by judges, which 
poses a problem because the use of alpha assumes that all items are weighted equally. 
Guttman scales do not have this issue, but they typically consist of a small number of 
items (which can result in low estimates of alpha; Andrich, 1978; Edwards, 1946; Meyer, 
2010; Uhlaner, 2005).  
As discussed earlier, Likert scales are technically ordinal scales even though 
parametric statistics are typically used to analyze data from them. However, researchers 
nearly always treat Likert scale data as a categorical representation of an underlying 
continuous construct. For example, consider the Conscientiousness subscale of the Big 
Five personality inventory. Respondents may be asked to indicate how much they agree 
with a statement such as “I like to be on time” on a scale of 1 – Strongly Disagree to 5 – 
Strongly Agree. Although there are only five possible responses, researchers often treat 
the data as if there were a continuous Conscientiousness construct underlying those 
options. Thus, a response of Disagree is a crude and imprecise representation of the 
respondent’s actual, continuous level of Conscientiousness (though of course 
measurement of a respondent’s level of Conscientiousness wouldn’t be based on a single 





to continuous data. With a large enough number of response options, data may in 
practicality be treated as continuous and analyzed accordingly. However, this is not the 
same as saying that the latent construct underlying those response options is continuous. 
 Frequency response options are also considered to be a type of Likert scale. They 
are typically some variation of the following: Always, Often, Occasionally, Seldom, 
Never. Given the discussion above regarding the ambiguity of vague words, the use of 
response options like this should give a researcher pause. Unfortunately, it is often 
difficult to construct a frequency-based response option set without using vague words. 
The implications of this for the equal interval nature of the response options will be 
further discussed below. It should be noted that phrases such as Strongly Disagree or 
Moderately Agree are also vague and imprecise, which presents a problem for surveys 
using these types of response options, as well. Such phrases are, in fact, the primary focus 
of this study. 
Analyses to Determine If a Scale is Equal Interval 
Past research on equal interval response options. Despite numerous 
researchers’ strong opinions regarding the necessity (or lack thereof) of equal interval 
scales, few articles exist describing studies that have compared responses to equal versus 
unequal interval scales – particularly Likert scales. One such study was conducted by 
Spector (1980). He used two sets of response options – a Likert-type agree/disagree set, 
and an unequal evaluative set (e.g., bad, poor, mediocre, satisfactory). To assess 
differences in responding, he compared overall scale means and test-retest reliability, and 
concluded that there were no differences in the results obtained from equal and unequal 





have investigated the interval properties of these scales. For example, Pohl (1981) asked 
undergraduate students to assign numeric values to 39 vague quantifiers, using the 
numeric value they assigned to Sometimes as a reference point. He found that, based on 
the numeric values assigned by respondents, one of the more commonly used frequency 
response option sets (Always, Often, Occasionally, Sometimes, Never) does not have 
equal intervals. Bass, Cascio, and O’Connor (1974) conducted a similar study. They 
asked college and high school students to assign any number greater than zero to 39 
frequency words (e.g., always, constantly, very seldom) and 44 amount words (e.g., 
some, scarcely any, much). As in the study by Pohl (1981), the “typical” frequency scale 
(Always, Often, Occasionally, Sometimes, Never) was not equally spaced as per the 
number assigned by respondents (the average percentages assigned by the students were 
58.01, 37.64, 14.92, 19.42, and .08, respectively). Using similar methodology to Pohl 
(1981) and Bass et al. (1974), Schriesheim and Schriesheim (1974) also determined that 
the typical frequency scale is not equal interval (finding mean percentages of 98.64, 
75.13, 41.41, 17.47, and 0.81) They proposed an alternative: Always, Very Often, About 
as Often as Not, Seldom, and Never, with mean percentages of 98.38, 76.78, 49.19, 22.04, 
and 1.11, respectively. 
 As discussed previously, the presence of equally spaced response options is 
important for making accurate inferences from statistical tests of survey data. However, 
acknowledging this importance is not sufficient to ensure equal intervals. There must also 
be a way to determine whether a given scale is equal interval. The few studies 
investigating this issue have used fairly rudimentary methods of determining the spacing 





numeric values to various vague quantifiers. For this study, I instead used polytomous 
item response theory. In this section, I will first describe IRT models in general and 
provide a rationale for using IRT in this context. I will then describe the specific 
polytomous models used in this study,  
Item response theory. To begin, a brief review of item response theory (IRT) in 
general is warranted. Item response theory refers to a paradigm for understanding the 
characteristics of test or survey items, as well as characteristics of the respondents who 
have responded to those items. IRT involves the estimation of person and item 
parameters. Specifically, the person parameter of interest in IRT is latent ability level, 
typically symbolized and referred to as theta (θ). It is assumed that this latent ability 
drives people’s responses to the items, whether the items are dichotomous (scored 
right/wrong, 0/1) or polytomous (having more than two possible responses). For 
cognitive tests, θ usually represents examinees’ “amount” of knowledge or skill regarding 
the construct addressed by the test (for example, math ability). For attitude scales, θ 
represents respondents’ levels of the attitude or trait in question (for example, 
extraversion) (de Ayala, 2009).  
Typically, there are three item parameters that may be of interest when 
considering dichotomous models. The discrimination (a) parameter provides an 
indication of how well an item can differentiate among respondents with different levels 
of θ. The difficulty (b) parameter indicates where on the θ continuum a respondent has a 
.5 probability of responding correctly to an item (or, in the case of attitudinal items, 
endorsing an item). The guessing (c) parameter may be thought of as adjusting the item 





multiple choice tests, for example. The typically used IRT models may estimate one, two, 
or all three of these parameters. For example, the Rasch model only estimates the 
difficulty parameter, fixing discrimination to 1. The 1PL model also only estimates 
difficulty, and fixes the discriminations to be the same, but does not set the 
discriminations at a particular value like the Rasch model (the indeterminacy in the scale 
is instead addressed by fixing the variance of the θ’s to one). The 2PL model estimates 
discrimination and difficulty, and the 3PL model estimates discrimination, difficulty, and 
guessing (de Ayala, 2009). In this dissertation, I will be focusing on the 2PL model, as 
the polytomous model I will be using (described below) is an extension of the 
dichotomous 2PL. 
The IRT model in the current study. In the dichotomous context, IRT may be 
used to predict the probability of responding correctly (i.e., a response of 1) to an item, 
given an examinee’s θ. As described above, the 2PL model estimates two item 
parameters: discrimination and difficulty. Any respondent’s probability of answering the 
item correctly may be calculated using these two parameters as well as the estimated θ 
value. This is represented in equation form as: 
𝑃𝑖(𝜃) =
exp (𝑎𝑖(𝜃 − 𝑏𝑖))
1 + exp (𝑎𝑖(𝜃 − 𝑏𝑖))
 
where 𝑃𝑖(𝜃) is the probability of answering item i correctly given a respondent’s ability 
level, 𝑎𝑖 is the discrimination parameter for item i, 𝑏𝑖 is the difficulty parameter for item 
i, and 𝜃 is examinee latent ability. 
The dichotomous IRT model may be expanded to include items with more than 
two categories (e.g., right/wrong, yes/no). Making the leap from the dichotomous IRT 






probability (i.e., was the item right or wrong, 0/1), we are now predicting the probability 
of responding in category k or above versus below category k (when using a cumulative 
model, as described in further detail below). Thus, for a given item there are k-1 
probability equations simultaneously considered, with k being the number of categories 
(Tuerlinckx & Wang, 2004).  
There are several “families” of polytomous IRT models, the two main families 
being the adjacent category and cumulative models. Adjacent category models analyze 
the probability of moving from one response category to the next response category – for 
example, at what θ value does a respondent move from being most likely to respond in 
category 1 to being most likely to respond in category 2? In contrast, cumulative models 
are concerned with the probability of responding at or above a particular response 
category versus responding in lower response categories – for example, the probability of 
responding in categories 3, 4, or 5 versus 1 or 2 (de Ayala, 2009; Embretson & Reise, 
2000; Penfield, 2014). The model used in this study is a cumulative model and is 
discussed in a subsequent section. I selected a cumulative model rather than an adjacent 
category model to aid interpretation. Specifically, the intersections between adjacent 
categories (i.e., the θ value at which one moves from being most likely to respond in one 
category versus the next category) can be difficult to interpret in isolation. This is partly 
because adjacent category models may sometimes result in reversals of category 
intersections, particularly with small sample sizes. For example, the intersection between 
categories 2 and 3 may be lower on the θ scale than the intersection between categories 1 
and 2, which does not make conceptual sense. However, the fact that cumulative models 





reversals will never occur. Additionally, adjacent category models can result in unstable 
parameter estimates if a small number of respondents select a given category –
specifically, the standard error for the between-category intersection with the small n may 
be quite large. Because cumulative models pool information from everyone above a 
given point, high standard errors will only be a problem if the category with the small n is 
the lowest or highest. 
Rationale for using IRT. Much of the research on equal interval response 
options is found in the survey literature, which traditionally does not make wide use of 
item response theory (IRT). However, IRT may be able to provide evidence supporting 
the equal interval nature of a set of response options. IRT involves the estimation of θ, 
which usually represents ability but in the case of an attitude scale represents the attitude. 
Additionally, in the case of polytomous IRT, moving from one response category to 
another depends on a respondents’ θ level – that is, where on the θ continuum the 
respondent falls. Suppose a survey was designed to measure extraversion on a 5-point 
Agree/Disagree Likert scale. For any given item, respondents may move (on average) 
from being most likely to respond Strongly Disagree to being most likely to respond 
Disagree (or a higher category) at a θ of -2; and may move from being most likely to 
respond Disagree (or lower) to being most likely to respond Neither Agree nor Disagree 
(or a higher category) at a θ of -.8; and so on. Given this, logic dictates that if these 
transition points are equally spaced on the θ continuum and θ is normally distributed, it 
suggests that, on average, respondents are using the response options as an equal interval 
scale. Specifically, if the levels of θ associated with each transition point are evenly 






same amount of θ. This in turn implies that the scale points are most likely conceptually 
equally spaced. However, equal spacing should not necessarily be used as definitive 
proof of the equal interval nature of the response options. Rather it provides suggestive 
evidence.  
Graded response model. The model used in this study is the graded response 
model, which is an extension of the dichotomous 2-PL model. In this model, a 
discrimination parameter is estimated for each item, and a difficulty-like parameter is 
estimated for K-1 of the categories within each item. In the graded response model, the b 
terms are called category boundary locations (sometimes called thresholds) rather than 
item difficulty parameters, and they represent the value of θ at which a person has a .5 
probability of responding at category k or higher (versus lower than category k). The 
model may be represented in equation form as:  
𝑃𝑖𝑘(𝜃) =
exp (𝑎𝑖(𝜃 − 𝑏𝑖𝑘))
1 + exp (𝑎𝑖(𝜃 − 𝑏𝑖𝑘))
 
Note the similarity between this equation and equation 1. However, whereas in the 
dichotomous case we were predicting the probability of getting the item correct, in this 
case it is the probability of responding in category k or higher (versus lower than k) that is 
predicted (hence, 𝑃𝑖𝑘(𝜃) rather than 𝑃𝑖(𝜃) as in the dichotomous case). Additionally, 
there is a b parameter (category boundary location or threshold) estimated for K - 1 
categories (𝑏𝑖𝑘) of every item; this represents the point on the θ continuum at which a 
respondent has a .5 probability of responding in the category of interest or higher. Note 
that there is not a category boundary location for every category; specifically, the 
parameter for the lowest category is not estimated. This is because there is a probability 






that he or she will respond in any of the available categories. Thus, only K - 1 category 
boundary locations are estimated for each item. Additionally, only one a parameter 
(discrimination) is estimated for each item – there is not a separate a parameter for each 
category (de Ayala, 2009; Embretson & Reise, 2000). 
As discussed above, equal spacing of the response categories on the θ continuum 
would provide evidence that, on average, respondents are using the response options as 
an equal interval scale. That is, respondents choosing different response options differ by 
the same average amount of θ across the θ continuum, which in turn implies that the scale 
points are, on average, being treated as equally spaced. When using the GRM, it is the 
category boundary locations, or thresholds, specifically that should be equally spaced. 
Recall that these parameters indicate the point on the θ continuum at which a respondent 
has a .5 probability of responding in that response category or a higher one. Thus, they 
provide an indirect indication of the “location” of each response category on the θ 
continuum. This is best illustrated via a figure. In Figure 2, the operating characteristic 
curves – which indicate the probability of selecting a given category or higher at all 
levels of θ – for a 5-category item are presented. The thresholds for this item are 𝑏𝑖1 = -
1.5, 𝑏𝑖2 = -0.5, 𝑏𝑖3 = 0.5, and 𝑏𝑖4 = 1.5 (remember, with five categories there are only 
four category boundary locations). Notice that the points on the θ continuum at which a 
respondent has a probability of .5 of selecting a given response category or higher (i.e., 
the category boundary location or threshold; indicated by the vertical lines on the figure) 
also determines the horizontal distance of the operating characteristic curves from one 
another. Thus, equal spacing of the category boundary locations means that the estimated 





Previous studies. Following the example of the frequency scale studies described 
above, I conducted an earlier study to develop an equal interval frequency scale. I 
provided a sample of undergraduate students with a list of eleven vague quantifiers and 
asked them to indicate what percentage of time they believed each word or phrase 
represented. By taking the mean percentages assigned to all the terms, I created a set of 
response options that appeared to be roughly equally spaced: 1-Never, 2-Rarely, 3-
Sometimes, 4-Most of the Time, 5-Always. The percentages assigned to each of the 
middle response options were 26.31%, 44.92%, and 65.42%, respectively; I selected 
“Never” and “Always” as the end points under the assumption that they represent 0% and 
100%, respectively. I also developed a 10-item scale called Effortful Responding to 
Attitude Scales (ERAS), designed to assess the effort respondents put forth when 
answering attitude survey items, and used the new response options with this scale. For 
purposes of comparison, I also created a version of the response option set that was 
deliberately unequally spaced: 1-Never, 2-Sometimes, 3-Frequently, 4-Majority of the 
Time, 5-Always. The percentages assigned to each of the middle response options for this 
scale were 44.92%, 57.71%, and 59.46%, respectively. After administering both versions 
of the scale to a set of undergraduate students, I analyzed the data using the modified 
graded response model (also called the rating scale model). Contrary to expectations, the 
spacing of categories, as per the category boundary locations, were very similar for both 
sets of response options. Additionally, the category boundary locations were not evenly 
spaced for either set of response options, and the distances between boundaries varied 
widely. However, further examination of the data indicated that several response 





parameters associated with those categories. The current study attempted to address this 
shortcoming, as addressed in the Method. 
Current Study 
 There is a dearth of research on the construction of equal interval Agree/Disagree 
Likert response scales; however, these types of response option sets are ubiquitous in 
psychological and educational research. Given the importance of equal interval scales to 
the inferences made from analyses of survey data, developing an equal interval Likert 
scale would be of great benefit to survey researchers. As such, the aims guiding the 
current study are as follows: 
1. To identify a set of equal-interval Agree/Disagree response options, based on the 
comparative ratings of many judges. For purposes of comparison, I also identified 
a set of unequal response options. 
2. To use the graded response model category boundary location estimates to 
determine whether the response categories resulting from the equally spaced 
response options were relatively equally spaced, and whether the response 
categories resulting from the unequally spaced response options were unequally 
spaced. 
3. To use the graded response model category boundary locations to determine 
whether the response categories resulting from the equally spaced response 








 Based on the research aims detailed above, I conducted this study in several 
phases. Phase 1 involved gathering information to construct an equal interval Likert 
scale, as well as an unequal version. In phase 2, I administered these response options to 
respondents as the response options for an attitude survey and a personality survey. 
Finally, in phase 3, I conducted think-aloud interviews with several respondents, which 
permitted me to obtain respondents’ perspectives on the conceptual spacing of the 
response options as well as providing me with insight into their response process while 
responding to the scales. For clarity, I have organized the Method section by phase. 
Phase 1 
Agree/Disagree Slider Items 
Phase 1 required that an equal and unequal interval response option set be 
developed. I described several methods of developing equal interval scales previously. 
However, for purposes of this study, I elected to ask participants to assign a percentage to 
a series of Agree/Disagree Likert scale modifiers, and used the median percentages to 
develop the scale. The options provided for students to rate were completely 
agree/disagree, very strongly agree/disagree, strongly agree/disagree, mostly 
agree/disagree, somewhat agree/disagree, slightly agree/disagree, moderately 
agree/disagree, agree/disagree, and neither agree nor disagree. I administered this scale 
via Qualtrics, an online survey platform. One of the question types available in Qualtrics 
is a slider, which permits respondents to slide a bar along a number line (in this case, 





asked respondents to indicate what percentage of agreement represented each of the 17 
response options (see Figure 3 for an example of what this looked like).  
Participants and Procedure 
Assessment Day. The university at which this study took place holds an annual 
Assessment Day in early fall, on which all entering first-year students must complete a 
series of cognitive and non-cognitive assessments. Students participate in these 
assessments in rooms with trained proctors, and participation is mandatory. Students 
complete the assessments prior to the first day of their first semester of classes. For this 
study, approximately 259 students completed the Agree/Disagree slider items. Note that 
this number reflects only those respondents who appeared to be interpreting the slider 
directions correctly. Specifically, many students “flipped” the 0-100 scale depending on 
whether the prompt was a Disagree one or an Agree one. These students would thus 
assign “100” to both Completely Disagree and Completely Agree. I filtered students who 
appeared to be flipping the scale in this way out of the data. 
To filter out these students, I first removed respondents who assigned a value 
greater than 75 or less than 25 to “Neither Agree nor Disagree”. Because this response 
option should logically fall around 50%, if respondents assigned it a value close to 0 or 
100, it suggested that they were flipping the scale as described above. Next, I removed 
respondents who assigned values of less than 60 to Completely Agree, and greater than 
40 to Completely Disagree. These response options should logically be near 100% and 
0%, respectively, so responses that departed from these values too much suggested 
respondents were flipping the scale. After removing 174 respondents based on these 





Reddit r/samplesize. Reddit is an online social media site and message board on 
which users may share links to content (e.g., images, articles, websites, etc.). Reddit is 
also broken down into subreddits, which are sub-sites dedicated to a particular topic. One 
of these subreddits is called r/samplesize, and allows users to share links to surveys for 
Reddit users to complete if they so choose. Because completion of these surveys is 
completely voluntary and dependent on users’ interest in the survey itself, sample size for 
any given survey may fluctuate. However, I elected to use Reddit r/samplesize to obtain 
as much data as possible and to obtain data from a different population (i.e., not just 
college students). In phase 1 of the study, I posted the link to the Agree/Disagree slider 
items, from which I received 29 responses.  
Analysis and Development of Response Options 
Once I received the Assessment Day and Reddit data from the Agree/Disagree 
slider items, I used the median percentages assigned to each modifier to create a 4-point 
equal interval response option set: Completely Disagree (median percentage 0%), 
Moderately Disagree (33%), Moderately Agree (65%), and Completely Agree (100%; see 
Table 1 for medians, means, and standard deviations of all assigned percentages). I 
selected four response options to make it more likely that sufficient numbers of 
respondents would choose each response option. As described in the literature review, 
having a sufficient number of respondents choosing each response option is important for 
stable estimation of the IRT model parameters for the lowest and highest categories. I 
selected the set of unequal response options as follows: Strongly Disagree (10%), Mostly 







Attitude and Personality Scales 
As described above, once respondents completed phase 1, I used the median 
percentages across respondents to create a set of response options designed to have 
intervals that were as equal as possible, based on the sample responses, as well as a set of 
unequally spaced response options. I then attached both sets of response options to three 
different scales – Mindfulness, Conscientiousness, and Agreeableness (described below) 
– for a total of six scales (equal and unequal Mindfulness, equal and unequal 
Conscientiousness, and equal and unequal Agreeableness). Respondents only received 
one version (equal or unequal) of each of the three scales. In addition to the three scales, 
described in detail below, respondents also completed an informed consent form at the 
beginning of the survey, and several demographic items at the end. 
As mentioned already, in order to obtain stable estimation of the IRT parameters, 
it is important to ensure that there are sufficient responses in the lowest and highest 
categories of the response scale. Thus, when selecting scales to use with my response 
options, my primary consideration was whether the items seemed like they would cause 
respondents to use the full range of response options. Additionally, I wanted scales that 
would be interesting and engaging to respondents so that they would pay attention to the 
items and thoughtfully consider their responses. Based on these considerations, I chose 
three scales to be administered with the equal and unequal response options. The items 
for all three scales may be seen in Appendix A. 
Mindfulness. The first scale used in this study was the Kentucky Inventory of 





respondents’ ability to focus on their present experiences in a nonjudgmental way. To 
ensure that the scale was not too long, I used two out of the four subscales on the KIMS: 
the Describe and Accept subscales. I chose these specific subscales based on the results 
of a factor analysis I conducted on publicly available KIMS data. Specifically, a two-
factor model with the Describe and Accept subscales fit the best out of all other possible 
two-factor model combinations. The Describe subscale has eight items and assesses the 
extent to which respondents are able to apply descriptive words to their experiences and 
sensations; an example item reads, “I’m good at finding the words to describe my 
feelings.” The Accept subscale has nine items and measures whether respondents allow 
themselves to feel or experience things without judging themselves; an example item is, 
“I tend to evaluate whether my perceptions are right or wrong.” The original scale had 
five response options: 1 - Never or very rarely true, 2 - Rarely true, 3 - Sometimes true, 4 
- Often true, and 5 - Very often or always true. 
The original authors conducted extensive reliability and validity work with the 
KIMS, though only with undergraduate students and a small sample of adults in an 
outpatient borderline personality disorder treatment program. Their validity work 
includes an original content validity study with mindfulness experts, a confirmatory 
factor analysis that supported the four-factor structure, convergent validity evidence via 
some high correlations with a similar mindfulness survey (subscale correlations ranged 
from .09 to .61) as well as related constructs such as satisfaction with life (correlations 
ranged from -.04 to .28), and discriminant validity evidence via low or negative 
correlations with unrelated constructs such as difficulty identifying feelings (subscale 





subscales was good, with alpha values of .84 and .87, respectively. Test-retest reliability 
(for approximately 50 university students over a two-week period) was also good, with 
coefficients of .81 and .83, respectively. Other studies have also supported the reliability 
and validity of the KIMS (e.g., Baum et al., 2010; Hansen et al. 2009). 
 Conscientiousness and Agreeableness. The other two scales used in this study 
were the Conscientiousness and Agreeableness subscales of the Big Five Inventory (BFI), 
designed to measure the Big Five personality traits (John, Donahue, & Kentle, 1991; John 
& Srivastava, 1999). Conscientiousness is intended to measure respondents’ levels of 
orderliness, dependability, and responsibility; an example item reads, “I am someone who 
does a thorough job.” Agreeableness measures the extent to which respondents are good-
natured, cooperative, and trusting; an example item is, “I am someone who is helpful and 
unselfish with others” (John, Donahue, & Kentle, 1991). The original scale had five 
response options: 1 - Disagree Strongly, 2 - Disagree a Little, 3 - Neither Agree nor 
Disagree, 4 - Agree a Little, and 5 - Agree Strongly. I selected these two subscales 
because they seemed likely to elicit responses across the full range of the response scale. 
The original authors have done extensive work with the BFI, typically with U.S. 
and Canadian undergraduate students. The subscales used here consist of nine items each, 
and displayed adequate internal consistency reliability in the original studies as measured 
by coefficient alpha (around .83; John & Srivastava, 1999). John and Srivastava (1999) 
also found that the BFI scales correlated highly with two other Big Five personality 
measures, the Trait Descriptive Adjectives scale (TDA) and the NEO Five Factor 





and .79 with the NEO; and the Agreeableness subscale correlated .78 with the TDA and 
.76 with the NEO. This suggests strong convergent validity.  
Participants and Procedure 
Participant sources. Given that attitude scales and surveys are often 
administered to respondents from all ages, occupations, ethnicities, etc., it was desirable 
to obtain a sample that was as diverse as possible for this study to support the 
generalizability of my results. Thus, I collected data from a variety of sources. 
Participants from each source completed one version (equal or unequal) of all of the 
measures described above. See Table 2 for a summary of the participant sources, times of 
administration, and scales administered to each group; this information is also provided 
with further detail below. See Table 3 for participant demographics, where available. 
Reddit. In mid-fall, I posted the link to the equal and unequal Mindfulness, 
Conscientiousness, and Agreeableness scales on the r/samplesize sub-reddit. I received 
only 26 complete Reddit responses to this survey; another 21 were only missing 10 items 
or fewer. The demographic items asked of the Reddit respondents at the end of the survey 
pertained to their gender, age, country of origin, and highest education level (see Table 
3). 
Participant Pool. At the university where this study took place, students in 
introductory psychology classes are required to participate in various psychology-related 
activities for credit. Students sign up for these studies via the Participant Pool, an online 
system in which researchers post a brief description of their study. I obtained 491 
students from the Participant Pool for the current study. Of those 491, 481 completed the 





think-aloud interviews, described below). Participant Pool respondents were only asked 
their gender and age, as the relative homogeneity of the university sample precluded 
asking about country of origin and education level. To complete the survey, students 
were permitted to choose from a number of possible time slots. During their allotted time, 
they came to a central location and completed the surveys on a laptop computer.  
Amazon Mechanical Turk. Amazon Mechanical Turk (Amazon mTurk) is a 
service offered by Amazon that allows anyone – including researchers – to hire remote 
workers to complete simple, computer-based tasks. The tasks are posted on a job board, 
and workers can choose to complete a given task. The researcher is able to set the amount 
to pay workers. Based on average mTurk fees, I elected to pay respondents $1 per survey 
response.  
Amazon mTurk participants completed the equal and unequal Mindfulness, 
Conscientiousness, and Agreeableness scales – that is, they completed the same survey as 
the Participant Pool participants. Because the Amazon respondents were going to be 
completing the survey in a non-supervised environment, unlike the Participant Pool, I 
placed a minimum time limit on each question. Specifically, the button to advance to the 
next question did not appear until five seconds had elapsed. I did this in an attempt to 
force respondents to pay attention to the items. 
It should be noted that the demographic composition of Amazon mTurk workers 
can be quite different from the average US sample, and may consist of many non-native 
English speakers. Because this study depends on a nuanced understanding of the 
connotation of words, I screened out non-native English speakers by adding an item to 





it was not, they were not permitted to complete the survey. The Amazon respondents 
received the same demographic items as the Reddit sample. I received a total of 1620 
responses to the survey. 
Counterbalancing. For the Participant Pool and Amazon mTurk samples, the 
Mindfulness, Conscientiousness, and Agreeableness scales were administered together. 
There were two versions of each scale – one version used the equal interval response 
options, and one version used the unequal interval options, resulting in six scales (i.e., 
three equal scales, three unequal scales). I counterbalanced the scales by creating four 
possible combinations, which may be seen in Table 4. Also presented in Table 4 is the 
number of participants who received each combination and the total number of 
respondents completing the equal and unequal versions of each scale. The 
counterbalancing was such that two equal and two unequal versions of each of the three 
scales (Mindfulness, Conscientiousness, and Agreeableness) were administered across 
the four combinations. Additionally, no combination contained all equal or all unequal 
versions. Finally, note that the scales were presented in a random order to each 
respondent. That is, combination 1 always consisted of equal Mindfulness, unequal 
Conscientiousness, and equal Agreeableness; but which of the three scales each 
respondent saw first, second, and third was randomized. 
 The Reddit sample also received the unequal and equal Mindfulness, 
Conscientiousness, and Agreeableness scales. Respondents were randomly directed to 
one of the four combinations presented in Table 4. The final numbers of Reddit 







Initial screening. Once all the data were collected, I compared the Participant 
Pool, Amazon, and Reddit data to determine whether the samples were sufficiently 
similar that it made sense to combine them for analyses. To do this, I first compared 
subscale means via one-way ANOVA, using subscale totals as the dependent variable, to 
examine mean differences by group (e.g., participant source). I also looked at 
demographic data (race/ethnicity, gender identity, and age) across samples, and compared 
internal consistency reliability via Cronbach’s alpha. See Table 5 for descriptives and 
pertinent ANOVA results. Finally, I conducted a multi-sample confirmatory factor 
analysis (i.e., a separate CFA for each sample) to determine whether the factor structure 
was the same for each sample. 
Comparison of descriptives across samples. Cronbach’s alpha values for each 
subscale were high and fairly similar across groups, though the Participant Pool sample 
had consistently lower alpha values than the Amazon and Reddit samples. The one-way 
ANOVAs for each subscale total score were all statistically significant, which was 
unsurprising given the large sample size. However, η2 values (see Table 5) indicated that 
differences among the groups were practically significant as well. Examination of the 
group means made it clear that this practical significance was most likely a result of the 
marked differences between the Reddit sample means and the means of the other two 
groups. Furthermore, the standard deviations of the Reddit scores were also much larger 
than those of the other samples. Because of this, and because of the extremely low 
sample size obtained from Reddit, the decision was made to drop the Reddit sample from 





independent t-tests with just the Amazon and Participant Pool respondents. The η2 values 
indicated a lack of practically significant differences in means between the two samples 
(see Table 5).  
Multi-sample confirmatory factor analyses. To assess the invariance of factor 
structure and item parameters across groups (Participant Pool and Amazon), I conducted 
a multiple group confirmatory factor analysis (MGCFA) for each version of each scale 
using Mplus version 7.11. This resulted in six main models: unidimensional equal and 
unequal Agreeableness, unidimensional equal and unequal Conscientiousness, and two-
factor equal and unequal Mindfulness. Within the six main models, I conducted three 
MGCFA invariance tests. I first allowed all parameters to be freely estimated (congeneric 
model); then fixed factor loadings to be equal across groups (metric invariance model); 
and finally fixed both loadings and thresholds to be equal across groups (scalar 
invariance model). As described in the next section, for the main analysis (the graded 
response model) I treated the indicators as categorical and used maximum likelihood 
(ML) estimation, as this is the most common practice in IRT. For the same reason, I used 
the same combination (categorical indicators, ML) for these initial multiple group CFAs 
as well. For this reason, thresholds were estimated rather than intercepts. See Appendix B 
for example syntax for one set of models. 
When using maximum likelihood estimation with categorical indicators, it is not 
possible to obtain the typical fit indices one would consider with continuous data (e.g., 
CFI, RMSEA, SRMR, etc.). Additionally, the chi-square statistic cannot be interpreted in 
the traditional way; this is because Mplus produces the chi-square test of independence 





continuous indicators. As a result, the options for assessing overall and relative model fit 
were limited. To compare the constrained and free models to one another, I compared 
values of the -2 log likelihood (-2LL) from the two models via the test of model 
deviance. Specifically, I subtracted the -2LL value of the more complex model from that 
of the more constrained model and compared the resulting value to a chi-square critical 
value with degrees of freedom equal to the difference in the number of parameters 
between the models. Because my large sample size (approximately 1000 for each 
analysis) meant that this test had very high power, I also compared the AIC, BIC, and 
SSABIC values across models. Results of these comparisons are presented in Table 6. It 
appeared that loadings and thresholds were different between the two samples; this was 
further borne out by graphing each groups’ parameters against one another (not shown 
here). As a result, I made the decision to complete all subsequent analyses within each 
sample separately. 
The decision to split the analysis by sample (Amazon and Participant Pool) led to 
a complication with the Conscientiousness scale. Specifically, no Participant Pool 
respondents selected option 1 for items 3, 7, and 8 of the Conscientiousness scale, which 
made it impossible to conduct the GRM in Mplus. As a result, I collapsed categories 1 
and 2 for these items in the Participant Pool sample, resulting in three categories instead 
of four. Unfortunately, this made it impossible to compare within-item threshold 
differences for these items, as there were only three categories, and thus two thresholds 
and only one threshold difference.  
Primary analysis. When reading the description of the primary analysis that 





Participant Pool samples separately. Recall the second and third research aims guiding 
this study: “To use the graded response model category boundary location estimates to 
determine whether the response categories resulting from the equally spaced response 
options were relatively equally spaced, and whether the response categories resulting 
from the unequally spaced response options were unequally spaced” and “To use the 
graded response model to determine whether the response categories resulting from the 
equally spaced response options were more equally spaced than those from the unequally 
spaced options.” To accomplish this, I compared differences in thresholds in two ways: 
within-item, and across-version. Within-item involved the comparison of threshold 
differences within an item for the equal and unequal versions separately. (Recall that 
loadings in a factor analytic context are discrimination parameters in an IRT context, and 
thresholds are category boundary locations). Specifically, I compared the difference 
between thresholds 1 and 2 to the difference between thresholds 2 and 3, for each item in 
the equal and unequal versions of each scale. These within-item comparisons answered 
the question of whether the thresholds of each item were equally spaced in an absolute 
sense (research aim 2). The across-version comparisons tested corresponding threshold 
differences across versions (equal and unequal) – for example, the difference between 
thresholds 1 and 2 for item 1 in the equal data compared to the difference between 
thresholds 1 and 2 for item 1 in the unequal data. These tests answered the question of 
whether the equal response option set produced thresholds that were different from those 
of the unequal response option set. If these significance tests indicated that threshold 
spacing differed across versions, I would then examine the within-item threshold 





version comparisons did not indicate anything about which version produced thresholds 
that were more equally spaced (the focus of research aim 3). However, a lack of 
difference in the across-version threshold spacing would indicate that responses were 
fairly similar across versions – and if the responses were fairly similar, then it may be 
concluded that one version was not more or less equally spaced than the other. 
I implemented the graded response model in a confirmatory factor analytic 
framework in Mplus version 7.11. I used Mplus rather than a program specific to IRT 
because Mplus’ MODEL CONSTRAINT and MODEL TEST commands allow for 
statistical tests of threshold and threshold difference values across groups, which were the 
main focus of my study. As already mentioned, I treated the indicators as categorical and 
used ML estimation to estimate the models. I also fixed the latent mean of each “factor” 
(θ) to 0 and the variance to 1. This was done to mimic the way models would be 
estimated within a traditional IRT framework. Note that Mplus assumes a normal 
distribution for θ. Further mimicking IRT estimation, using categorical indicators with 
ML estimation in Mplus automatically employs what is referred to in Mplus as the θ 
parameterization. Under this parameterization, error variances are fixed to one across 
groups. This is in contrast to the delta parameterization, which is more commonly used 
with binary factor analysis. Rather than constraining the error variances, the delta 
parameterization instead constrains the variance of what is commonly called the y* value, 
or the continuous latent response underlying responses to categorical items. However, it 
is the θ parameterization that is most similar to the conventional 2-PL IRT model, and 
because the GRM is an extension of the 2-PL, it made sense to employ it here (Kamata & 





I handled missing data in Mplus by using full information maximum likelihood 
(FIML). FIML essentially “borrows” information from complete data to assist with 
estimation when some data are missing, resulting in more accurate parameter estimates. 
To do so, parameters are estimated using all available data, with some cases (i.e., those 
that are missing little or no data) contributing more to the estimation than others. This is 
accomplished by summing the weighted individual likelihoods across all observations, 
with weighting based on the amount of missing data. In this study, there were very 
minimal missing data for all the scales and samples. Specifically, for items on all versions 
of all scales, missing data percentages ranged from 0% missing data to a maximum of 
3%. Additionally, if respondents were missing any data, they were only missing one or 
two data points. 
For each of the three scales – Agreeableness, Conscientiousness, and Mindfulness 
– I applied the graded response model for both the equal and unequal data. This resulted 
in two models per scale for a total of six models and six sets of parameter estimates 
(loadings and thresholds). To ensure that the Mplus estimation was in fact producing 
parameter estimates similar to those that would be obtained from an IRT framework, I 
also conducted all analyses in flexMIRT version 3.03 (results not reported here). 
Parameter estimates for all models were virtually identical to the third decimal place, and 
standard errors were also very similar. However, note that rather than reporting the b 
parameter, which may be interpreted as the θ value at which a respondent has a .5 
probability of responding in category k or higher, Mplus instead provides a version of 
what is typically called the d parameter. In IRT, this parameter is calculated as -ab; in 





reported throughout this paper may not be directly interpreted as the θ value at which a 
respondent has a .5 probability of responding in category k or higher without first 
dividing the threshold value by the discrimination (loading). Alternatively, one could 
interpret the thresholds reported here as the negative log-odds of choosing category k or 
higher. 
Within-item threshold difference tests. Within each of the six models, I used 
Mplus’ MODEL CONSTRAINT command to create new parameters calculated as the 
difference between adjacent thresholds within items. For example, item 1 had three 
thresholds (as did all the items for all the scales, because there were four response 
options). Within Mplus, I created two new parameters for item 1: d1_1 was calculated as 
the difference between thresholds 1 and 2; d1_2 was calculated as the difference between 
thresholds 2 and 3. Example syntax may be seen in Appendix C.  
After computing the difference parameters within each of the six models, I used 
Mplus’ MODEL TEST command to perform a Wald test of the threshold differences 
within each item. For example, for item 1, I compared d1_1 to d1_2 to determine whether 
the differences were approximately equal. A non-significant Wald test would indicate 
that the thresholds were approximately equidistant from one another. I first conducted a 
Wald test of all the thresholds together to serve as an omnibus tests of the differences 
among all thresholds for all items. If I found a significant overall difference, I followed 
up with individual, within-item Wald tests to determine which items had equally spaced 
thresholds and which did not. 
 Across-version threshold difference tests. In addition to testing the equality of 





corresponding thresholds across versions. The purpose of these across-version difference 
tests was to determine whether the equal response options produced thresholds that were 
spaced differently than those from the unequal options. Before conducting these tests, I 
conducted invariance tests within each scale (Agreeableness, Conscientiousness, and 
Mindfulness) to determine whether loadings and thresholds were approximately equal 
across versions. It was not expected that thresholds would be equal. However, I 
conducted these invariance tests to determine whether loadings were approximately equal 
across versions. If so, I could fix them to be equal in the GRM analysis.  
Results of this across-version invariance are presented in Tables 7 and 8. The 
model with loadings fixed across groups did not differ significantly from the model with 
all parameters freed for the Agreeableness and Conscientiousness scales in the Amazon 
sample (Table 7), and several of the information criteria selected the fixed loadings 
model. Thus, fixing loadings across groups was clearly the best choice for these scales. 
The fixed loadings model did fit statistically significantly worse than the free model for 
the Mindfulness scale; however, the model most favored by the information criteria was 
the model with fixed thresholds. Because differences in estimated thresholds between 
versions was the entire point of this study, fixing thresholds was not an option. The 
model with the next smallest BIC and SSABIC was the fixed loadings model, so I 
decided to fix loadings for the Mindfulness scale as well. For the Participant Pool sample 
(Table 8), the fixed loadings model fit statistically significantly worse than the free model 
for all the scales. However, the information criteria all favored the fixed loadings model 
for Conscientiousness; and favored the fixed thresholds model for Agreeableness and 





loadings for all three scales in the Participant Pool sample. Thus, for both samples, I fixed 
loadings across versions to test the across-version threshold differences. 
 Again using Mplus’ MODEL CONSTRAINT command, I calculated new 
parameters as the differences of adjacent thresholds for each item across the equal and 
unequal version groups. I then used the MODEL TEST command to compare 
corresponding thresholds across the equal and unequal groups. For example, I compared 
the difference between thresholds 1 and 2 for the unequal group to the difference between 
thresholds 1 and 2 for the equal group. As before, I first conducted an omnibus Wald test, 
and then followed up with individual item tests if the omnibus test was statistically 
significant. Example syntax is presented at the end of Appendix C. 
Phase 3 
Participants and Procedure 
In phase 3, I conducted think-aloud interviews with 10 Participant Pool students. 
These students were selected randomly from each time slot by taking the nth person who 
showed up for the study (n being a randomly selected number each time). For the 
interview, respondents were given either an equal interval or unequal interval version of 
two of the three scales (Mindfulness, Conscientiousness, or Agreeableness; see the 
counterbalancing in Table 4). Each respondent received one equal and one unequal scale. 
They completed the survey by “thinking aloud” throughout their thought process.  
Specifically, after taking participants to a separate room, I provided them with 
paper copies of their two assigned scales. I briefly explained the think-aloud process, 
using the example script in Appendix D. I then allowed the respondents to read each 





when necessary – particularly when asking them to explain why they selected one 
response option versus another – and asked a series of questions at the end (see Appendix 
D). After respondents had read through and commented on all the items, I first asked 
participants if any questions were particularly confusing or difficult. Next, I asked 
respondents if they noticed that the response options were different between the two 
scales, unless they had already noticed and commented on this themselves (recall that 
each think-aloud participant received one equal and one unequal scale). Finally, I asked 
respondents whether they thought they typically pay attention to the actual wording of 
response options or whether they think of them more like a continuum – that is, whether 
they think of the response options as a range of agreement and ignore the actual labels. I 
also asked additional questions of some respondents, depending on things they said or 
patterns of responding I noticed during the think-aloud portion of the interview. 
Interviews were tape recorded, and the tape recordings were transcribed by a professional 
transcription service.  
Analysis 
 I decided to drop one of the interviews because it was obvious the interviewee did 
not understand what I was asking her to do, even after I explained several times. As a 
result, I used data from nine interviews. Following the example of Coleman (2013) and 
Gerstner (2015), I used a process known as thematic networks to identify major themes in 
the interview data. The first step of this process involves developing codes, themes, and 
thematic networks to break down the text; step two involves summarizing the thematic 
networks developed in the first step; and step three involves identifying patterns within 





Based on past research and my own experience in this area, I selected several a priori 
codes, which were as follows: 
1. Amount of agreement represented by the response options. This code pertains to 
respondents’ references to how much agreement (whether a percentage or a less 
concrete description) is indicated by any of the response options.  
2. Noticing that the response options are/aren’t “balanced” – that is, recognizing the 
equal- or unequal-interval nature of the response options.  
3. Ignoring the words in the response options and making some reference to the 
response options as numbers, or something other than the actual labels (for 
example, “I definitely agree with this, so I’m going to choose the first option” 
versus “I definitely agree with this, so I’m going to choose Completely Agree.”) 
4. Treating response options as a continuum. This code is similar to code 3 above, 
but is distinct in that it involves a references to the response options as a whole. 
For example, “Completely and Strongly Agree are so similar, but I’m going to 
pick Strongly Agree because I don’t totally agree with this item, and Strongly 
Agree is more in the middle here.” 
For my study, another rater also coded the interview data, and we came to an agreement 
on portions of the transcripts on which we disagreed. While coding the data, we also 
added codes that emerged, or modified my a priori codes to more appropriately represent 







Within-Item Threshold Comparisons 
 The within-item comparisons compared differences in thresholds (i.e., category 
boundary locations) for each item, within the two versions (equal/unequal). For example, 
the difference between thresholds 1 and 2 for item 1 were compared to the difference 
between thresholds 2 and 3 for item 1, for the equal version data. If the differences within 
item did not differ, this implied that the thresholds were equally spaced. The complete 
results for these and all other comparisons may be found in the supplementary tables, 
including the loading and threshold estimates from each model and the results of the 
Wald tests of the differences. Because the analyses were conducted separately for each 
sample (Amazon and Participant Pool), the power of the Wald tests of the threshold 
differences was fairly discrepant in each sample. Specifically, each version (equal and 
unequal) of the Participant Pool sample had approximately 240 respondents, whereas 
each version of the Amazon sample had approximately 800. As a result, the Wald tests 
for the Amazon sample had much more power than the Participant Pool sample. In the 
Discussion I consider actual differences (i.e., an unstandardized effect size) in addition to 
the significance of the Wald tests when interpreting results. For ease of interpretation, I 
have broken the results down by scale. 
 Agreeableness. The omnibus tests of all the threshold differences (see Table 9) 
for the equal Amazon and Participant Pool data, and the unequal Amazon data, were 
statistically significant. This indicates that the threshold differences for at least some of 





omnibus test was not statistically significant for the unequal Participant Pool data – 
indicating that the unequal Agreeableness scale produced relatively equal spacing 
between thresholds for the Participant Pool.  
 In terms of statistical significance, for both the equal and unequal Amazon data, 
seven of the nine threshold differences were statistically significant. For both versions, 
the threshold differences for item 8 were not statistically significant, indicating that the 
thresholds for this item were equally spaced in both the equal and unequal versions. For 
both the equal and unequal Participant Pool data, only one of the nine threshold 
differences was statistically significant; it was item 2 in both cases. 
To further summarize the findings, I calculated the difference of the differences as 
an indicator of how “off” or unequal the thresholds were. For simplicity, I will call this 
value the equidistance index throughout the rest of this paper. To illustrate, suppose the 
thresholds for item 1 were -2, -1.5, and 1. The within-item differences for this item would 
be 0.5 and 2.5; and the equidistance index would be 2. This example is a fairly large 
equidistance index; a difference of 0 would, of course, mean the thresholds were 
perfectly equidistant from one another (hence the reason I named it the equidistance 
index). See Tables 10 and 11 for the item-level equidistance indices for the equal and 
unequal Agreeableness scales. A negative equidistance index indicates that the distance 
between thresholds 1 and 2 was larger; a positive index indicates that the distance 
between thresholds 2 and 3 was larger. Note first that the mean of the absolute values of 
the equidistance indices for the Amazon sample was higher than that of the Participant 
Pool sample for both the equal and unequal data. Specifically, the Amazon mean 





and the Amazon mean for the unequal data was 1.027 whereas the Participant Pool mean 
was .775. Also note that the mean equidistance index within each sample was not very 
discrepant for the equal versus unequal data, indicating that there was not much 
difference in the distance between thresholds for the equal and unequal data. 
Additionally, the mean equidistance index was fairly large for both samples, indicating 
that, on average, the thresholds were not particularly equidistant. There were also some 
interesting frequency patterns observed for this scale and the others; an example item 
may be seen in Table 12 and will be discussed in the Discussion. 
 Conscientiousness. The omnibus tests of the threshold differences were 
statistically significant for both samples and both versions (see Table 9). For the Amazon 
sample, seven of the nine threshold differences were statistically significant in the equal 
data, and eight of the nine in the unequal data. For the Participant Pool sample, recall that 
I had to collapse categories for items 3, 7, and 8 because there were no responses to 
category 1 for these items. As a result, there were also no threshold comparisons that 
could be made for these items. Four of the six threshold differences were statistically 
significant for the equal data in the Participant Pool sample, and three of the six for the 
unequal data. 
 As seen in Tables 13 and 14, the mean Amazon equidistance index was smaller 
than the Participant Pool mean for the equal data, but slightly larger for the unequal data. 
The equidistance index values were fairly sizable for the equal and unequal Amazon and 
Participant Pool samples. Also note that the equidistance indices within samples but 





for unequal), but not for the Participant Pool data (1.312 for equal versus 1.325 for 
unequal). 
 Mindfulness. The omnibus tests of the differences (see Table 9) for both samples 
and both versions of the Mindfulness data were statistically significant, indicating that at 
least some of the item-level threshold differences were significant as well. For the 
Amazon data, nine of the 17 threshold differences were significant in the equal data, 
whereas 12 were significant in the unequal data. For the Participant Pool data, five of 17 
differences were statistically significant in the equal data, and four of 17 were statistically 
significant in the unequal data.  
 For both the equal and unequal data, the mean Amazon equidistance index values 
were higher than the Participant Pool mean values. All of the Mindfulness mean 
equidistance indices for both samples were on the low end in comparison to the other 
scales. They were also fairly similar within samples, across versions (see Tables 15 and 
16). 
Across-Version Threshold Comparisons  
 For the across-version threshold comparisons, I compared parallel threshold 
differences across versions (equal/unequal). For example, I compared the difference 
between thresholds 1 and 2 for item 1 in the equal version data to the difference between 
thresholds 1 and 2 for item 1 in the unequal version data. If these differences across 
versions were approximately equal (i.e., not statistically significant), it would mean that 
the equal response options did not result in thresholds that were any more, or less, equally 
spaced than the unequal response options. The results of all across-version threshold 





the differences may be seen in the supplementary tables). Because there were two 
threshold differences per item, there were twice as many comparisons for each scale as 
there were items. For example, the Agreeableness scale has nine items. With three 
thresholds per item, this results in two threshold differences per item and 18 across-
version comparisons for the entire scale. As with the within-item threshold comparisons, 
the Wald tests for the Amazon data were overpowered in comparison to the Participant 
Pool data. As a result, I will consider actual difference magnitudes in addition to 
statistical significance when interpreting the results in the Discussion.  
Additionally, as for the within-item comparisons, I calculated the difference of 
differences for each equal/unequal pair. For example, suppose the difference between 
item 1’s thresholds 1 and 2 was .5 in the equal data and .75 in the unequal data. The 
difference of differences in this case would be .25, which would indicate a rather small 
difference in the distance between the two thresholds in each version. Because this 
difference of differences does not provide information about the equidistance between 
thresholds within an item, but rather indicates how similar corresponding across-version 
differences are, I will call this difference of differences value the similarity index. As 
before, I have broken the results down by scale for organizational ease.  
 Agreeableness. In addition to calculating omnibus Wald tests for the within-item 
differences, I also calculated an omnibus test for the across-version differences. For the 
Agreeableness data, the omnibus test was statistically significant for the Amazon data 
(χ2(18) = 48.156, p = .0001), but not for the Participant Pool (χ2 (18) = 24.538, p = .138). 
This suggested that some of the equal versus unequal threshold differences for the 





similar. However, keep in mind that the Wald tests for the Amazon sample were likely 
overpowered in relation to the Participant Pool. This is borne out when looking at the 
actual differences. For the Amazon data, four of the 18 across-version threshold 
differences were statistically significant; three were significant for the Participant Pool 
data. For the Amazon data, the mean similarity index was .343; it was .516 for the 
Participant Pool data. Thus, though the omnibus test indicated that the Participant Pool 
threshold differences were not statistically significant whereas the Amazon differences 
were, the mean similarity index was actually larger for the Participant Pool sample (see 
Table 17). However, neither of these similarity index means are particularly large in an 
absolute sense, suggesting that the equal response options did not produce thresholds that 
were much more (or less) equal than the unequal response options.  
 Conscientiousness. The omnibus test of threshold differences was statistically 
significant for the Amazon data (χ2(18) = 69.97, p < .001) as well as the Participant Pool 
data (χ2(15) = 49.583, p < .001; recall that I had to collapse categories for three items in 
the Participant Pool data, thus eliminating one of the comparisons for those items, which 
is the reason for the fewer degrees of freedom). Eight of the 18 across-version threshold 
differences were statistically significant for the Amazon data, and six of the 15 were 
significant in the Participant Pool data. The mean similarity index (see Table 18) for the 
Amazon sample was .444, and for the Participant Pool sample was .608. Thus, as with the 
Agreeableness data, the magnitude of differences between versions was fairly small, 






 Mindfulness. The omnibus test of the across-version threshold differences was 
statistically significant for both the Amazon data (χ2(34) = 79.60, p < .001) and the 
Participant Pool data (χ2(34) = 49.705, p = .040). Eight of the 34 differences were 
statistically significant for the Amazon data, and five of the 34 were for the Participant 
Pool data. The mean similarity index for Amazon was .308 and for the Participant Pool 
was .464 (see Table 19). Thus, the overall pattern was the same for all scales. 
Specifically, not many across-version differences were statistically significant, and the 
magnitude of the similarity indices was fairly small; in each case, the Participant Pool 
mean similarity index was larger than the Amazon mean. Recall that the mean similarity 
index is an indication of how discrepant the distance between parallel thresholds was 
across versions; the fact that most of these differences were fairly small suggests that the 
equal response options did not produce thresholds that were considerably different from 
the unequal response options. 
Qualitative Coding 
 Recall that the a priori codes used when coding the think-aloud interviews were as 
follows: 1) amount of agreement represented by the response options; 2) noticing that the 
response options are/aren’t “balanced;” 3) ignoring the words in the response options and 
making some reference to the response options as numbers, or something other than the 
actual labels; and 4) treating response options as a continuum. In addition to these four a 
priori codes, I and the other rater identified fifteen additional codes, which are presented 
in Table 20. In this table, codes 1-4 are the a priori codes; codes 5-9 are codes that both 





considered the same); codes 10-13 are codes that I identified that the other rater did not; 
and codes 14-17 are codes that the other rater identified that I did not.  
 All nine interviewees made some reference to the amount of agreement 
represented by some of the response option labels (e.g., “I would probably say strongly 
agree…because it’s not 100 percent.”) Additionally, all nine respondents talked about the 
balance (or lack thereof) of the response options. For example, one student was confused 
about the unequal response scale: “I was confused on why there was not a mostly agree 
because strongly agree is…like you can’t really disagree with it. And then completely 
agree is kind of the same to me, so I couldn’t differentiate strongly and completely.” Five 
respondents either explicitly said they did not pay attention to the actual wording of the 
response options, or were clearly ignoring the labels based on their responses. Finally, six 
respondents discussed treating the response options as an agreement continuum. For 
example, one respondent addressed these last two a priori codes by stating, “But I felt 
like the way [the equal response options] were ordered…that felt kind of like a spectrum. 
Like 0 to 4….And then I took that same scale and put it over here [imposed it onto the 
unequal response options], and I kind of paid more attention to [the spectrum], than 
actually what the words meant.” 
 Several other codes emerged for both raters while reading through the interviews. 
One code, addressed by four interviewees, indicated that some respondents were initially 
paying attention to the wording of the unequal response options, but then ignored them 
when they became confused over the lack of balance. For example, one interviewee said, 
“I wasn’t thrown off by the words [in the unequal response options], but I thought they 





about myself….But they didn’t really change my answer. I guess I would have picked the 
same answers [if I had had the equal response options instead].” This respondent 
appeared to have been initially confused by the fact that Strongly Agree and Completely 
Agree were both such strong words. However, she implicitly interpreted Strongly Agree 
as being the same as Moderately Agree (as evidenced by the fact that she would not have 
given a different answer had she had the equal options instead). When asked which 
response options they preferred, three respondents indicated that the equal options were 
easier to use. Three other respondents also indicated that the wording of the response 
options influenced their answers – that is, they believed they would have provided 
different response options had they had the equal set instead of the unequal set (or vice 
versa). Four interviewees indicated that their feelings about an item were ambivalent 
enough that they would have preferred a neutral option be included as well. This issue is 
a common item of discussion in the survey literature, but is not relevant here. Finally, 
four respondents made a reference to the conceptual spacing of the response options. For 
example, one interviewee referenced both equal spacing and the fact that she ignores the 
actual meaning of the response option labels: “I guess I do think that they’re evenly 
spaced even if they’re not.” 
 Some other relevant codes that emerged for one rater or the other involved the 
ways respondents went about mapping their responses onto the response options (one of 
the stages of the response process described in the literature review). All respondents 
talked about amount of agreement as a function of time – for example, “Completely…is 
more [like] every single time you have feelings you can describe them…but, moderately 





quantity phrases in an item with the response options: “But [this item is] also saying, ‘I’m 
considerate and kind to almost everyone.’ So, because of the almost, I’m going to say 
completely agree.” Still other respondents did not understand a word or were confused 
about what an item was asking, and thus chose response options 2 or 3 rather than the 
extremes to reflect that uncertainty. 
 Overall, respondents tended to not address the issues of interest in this study on 
their own. Rather, in their interviews they focused almost exclusively on the content of 
the items themselves and did not spend much time discussing the response options or 
how they arrived at a given answer. Most of the relevant feedback came at the end of the 
interviews when I asked them specific questions. However, many of them provided 
important insight into their response processes during this time, as illustrated by many of 







As a reminder, the research aims guiding this study were as follows: 
1. To identify a set of equal-interval Agree/Disagree response options, based on the 
comparative ratings of many judges. For purposes of comparison, I also identified 
a set of unequal response options. 
2. To use the graded response model category boundary location estimates to 
determine whether the response categories resulting from the equally spaced 
response options were relatively equally spaced, and whether the response 
categories resulting from the unequally spaced response options were unequally 
spaced. 
3. To use the graded response model category boundary locations to determine 
whether the response categories resulting from the equally spaced response 
options were more equally spaced than those from the unequally spaced options. 
To accomplish these aims, I developed an equal-interval and an unequal-interval response 
scale based on percentages assigned to a series of Likert-type agree/disagree modifiers. I 
then attached both response option sets to three attitudinal scales measuring Mindfulness, 
and the Big Five’s Agreeableness and Conscientiousness traits. These scales were 
completed by respondents from two sources: Amazon mTurk and the Participant Pool. I 
analyzed results from these two groups separately, due to dissimilarities in the loadings 
and thresholds of each group. To analyze the data, I conducted a polytomous IRT graded 
response model in Mplus to estimate the response option thresholds (also referred to as 





the differences in thresholds within each item and test these differences empirically. To 
address research aim 2, I examined differences within-item. For example, I compared the 
difference between thresholds 1 and 2 for item 1 to the difference between thresholds 2 
and 3 for item 1, for the equal data. These within-item differences provided information 
on whether the item thresholds were equally or unequally spaced within each version. To 
address research aim 3, I examined differences across versions. For example, I compared 
the difference between thresholds 1 and 2 for item 1 in the equal data to the difference 
between thresholds 1 and 2 for item 1 in the unequal data. This provided information on 
whether the spacing of thresholds across versions was different. If a difference were to 
emerge, the within-item spacing results (e.g., equidistance indices) would shed light on 
which version produced thresholds that were more equally spaced. To supplement the 
discussion, I also considered the frequency distributions for all the scales – that is, the 
number and proportion of respondents selecting each response category for each item. I 
will discuss the frequency distributions where relevant to explain the results, but the 
frequency tables for all scales and versions may be found in supplementary tables S19 
through S21. 
 To structure the discussion of results, I first discuss the within-item threshold 
comparisons by scale. At the beginning of each scale section, I have summarized the 
results and overall findings. I then discuss the results in more detail, breaking the results 
down by sample (Amazon and Participant Pool) as well as comparing results across 
samples. After the within-item threshold comparisons, I discuss the across-version 
threshold comparisons by scale. I again summarize the results and overall findings before 





Within-Item Threshold Comparisons 
 Recall that, for the within-item comparisons, the equidistance index refers to the 
difference of threshold differences; if the index is 0, it represents perfectly equal spacing 
of an item’s thresholds. To the extent that it departs from 0, the thresholds are not equally 
spaced. Specifically, a negative equidistance index indicates that the distance between 
thresholds 1 and 2 was larger; a positive index indicates that the distance between 
thresholds 2 and 3 was larger.  
Although the within-item comparisons involved assessing the equidistance of 
item thresholds for the equal and unequal data separately (to address research aim 2), in 
this section I also compare equidistance across versions. That is, I discuss how 
equidistant the thresholds were for the equal data and for the unequal data, but further 
consider which version was more equal by comparing the equidistance indices. 
Considering which version was more equal is distinct from the across-version 
comparisons, described later (e.g., comparing items 1’s thresholds 1 and 2 in the equal 
data to item 1’s thresholds 1 and 2 in the unequal data). Specifically, the across-version 
comparisons were concerned with whether the spacing for parallel thresholds was the 
same, but does not address whether that spacing was equal or not. Only the within-item 
comparisons pertained directly to threshold equidistance. Thus, although this next section 
is called within-item threshold comparisons and addresses research aim 2, some across-
version (research aim 3) comparisons of equidistance indices are made as well. 
Agreeableness. Tables 10 and 11 present the parameter estimates and 





Agreeableness summary. In both samples of Agreeableness data, there was not 
much difference in the threshold spacing for the equal versus unequal versions. This was 
evidenced by the similarity of the equidistance indices across versions within each 
sample. This similarity was more evident for the Amazon than the Participant Pool 
sample; however, several Participant Pool equal items exhibited relatively equal spacing 
in comparison to their unequal counterparts (even though, on average, the equidistance 
indices were approximately the same across versions within each sample). In terms of 
equal spacing in an absolute sense, overall, the equal response options did not produce 
thresholds that were equally spaced, as evidenced by the equidistance indices and the 
statistical significance tests of the differences. 
Amazon. For the Amazon sample (Table 10), the equidistance index values 
showed essentially the same pattern across versions – that is, the equidistance indices 
were approximately the same for the equal and unequal data, even if the threshold values 
themselves differed somewhat across versions. Specifically, all but two of the 
equidistance index values differed across versions by .25 or less, indicating that the 
equidistance between thresholds within items was roughly the same for the equal and 
unequal data.  
Two notable exceptions to the similarity of equidistance indices across versions 
are item 3 (equal equidistance index = 0.065, unequal equidistance index = 0.794) and, to 
a lesser extent, item 6 (equal equidistance index = -0.609, unequal equidistance index = 
0.217). These items read, “I am someone who starts quarrels with others” and “I am 
someone who can be cold and aloof”, respectively. An examination of the actual 





respond in unequal category 2 or higher (Strongly Agree; this item is reverse coded, 
which is why category 2 is Strongly Agree and not Mostly Disagree), to being most likely 
to respond in unequal category 3 or higher (Mostly Disagree) at a lower point on the θ 
scale than the corresponding transition between equal response categories 2 and beyond 
and 3 and beyond (Moderately Agree and Moderately Disagree; note that the word 
“transition” here is somewhat misleading, as it suggests the use of an adjacent category 
model rather than a cumulative one. However, for simplicity, I will continue using 
“transition” to mean “moving from being most likely to respond in category k or higher 
to being most likely to respond in category k+1 or higher”). This indicates that, for these 
items, it required “less” of the attitude to transition from the Agree end of the scale to the 
Disagree end of the scale when the unequal categories were used. In contrast, the 
transition between at least a category of 3 and 4 in the unequal data (Mostly Disagree and 
Strongly Disagree) occurred higher on the θ scale than the transition between categories 3 
and 4 in the equal data (Moderately Disagree and Completely Disagree). Thus, it requires 
“more” of the attitude to transition from Mostly Disagree to Strongly Disagree than to 
transition from Moderately Disagree to Completely Disagree. Refer to Figure 4 for a 
visual example. In Figure 4, the θ continuum is represented by the horizontal line, and the 
thresholds for a single item are represented by the vertical lines. There are six thresholds 
in this figure – three thresholds from the unequal data version of the item, and three 
thresholds from the equal data version of the item. The three thresholds correspond to 
being most likely to respond in categories 2 or higher, 3 or higher, and 4 or higher, 
respectively. Note that the first two unequal data thresholds are lower than the first two 





data threshold. Thus, the distance between thresholds 2 and 3 for the unequal data is 
larger than the distance between thresholds 2 and 3 for the equal data. Though somewhat 
less obvious in the figure, it is also the case that the distance between thresholds 1 and 2 
in the unequal data is smaller than the distance between thresholds 1 and 2 in the equal 
data. 
These findings are both contrary to what would be expected, given the semantic 
meaning of the modifiers used in the unequal response options. Specifically, there would 
seem to be a larger conceptual distance between Strongly Agree and Mostly Disagree 
(e.g., the distance between UT1 and UT2 in Figure 4) than there is between Mostly 
Disagree and Strongly Disagree (UT2 and UT3) – in fact, the percentages in Table 1 bear 
this out. However, according to the threshold values, a respondent needed less 
Agreeableness to move from Strongly Agree to Mostly Disagree, and more 
Agreeableness to move from Mostly Disagree to Strongly Disagree, than the 
corresponding equal transitions (e.g., ET1 to ET2, and ET2 to ET3).  
The frequency distributions in the supplementary tables may help explain this. It 
is apparent that the distributions for all items were very similar across versions. However, 
for all items in the unequal data, relatively more respondents chose response category 3 
(Strongly Agree, or Mostly Disagree for reverse coded items) and relatively fewer 
respondents chose category 4 (Completely Agree, or Strongly Disagree for reverse coded 
items). In general, this was more the case for the non-reverse coded items than for the 
reverse coded ones. See Table 12 for an example of respondents disproportionately 
selecting category 3 in the unequal data. The item presented in this table (item 7) read, “I 





for the equal data 49.1% of respondents selected response category 3 (Moderately Agree) 
and 41.4% selected category 4 (Completely Agree). However, in the unequal data, 55.7% 
of respondents selected category 3 (Strongly Agree) and 34.8% selected category 4 
(Completely Agree). Thus, approximately 6% more respondents chose category 3 in the 
unequal data versus the equal data, and approximately 6% fewer respondents chose 
category 4 in the unequal data versus the equal. These numbers are not particularly large 
in the scheme of the total number of Amazon respondents (approximately 800), and this 
item is one of the more extreme examples. However, the pattern is noteworthy in that it 
may help explain why some items required less of the attitude being measured (here, 
Agreeableness) to transition from unequal response category 2 or higher to 3 or higher 
than from equal category 2 or higher to 3 or higher (and more to transition from unequal 
category 3 or higher to 4 or higher than for the equal data). If more people chose category 
3 in the unequal data, the model would estimate that response category as being easier to 
endorse – that is, the threshold (or category boundary location) would be lower, and thus 
the θ value (i.e., level of Agreeableness) required to transition to category 3 would be 
lower. This is precisely what was observed for many of the items on the Agreeableness 
scale (see Table 10). However, it must be noted that although the disparity in the number 
of people selecting categories 3 and 4 across the equal and unequal data seems to support 
the idea that the response options made a difference in which response options were 
chosen, the disparity was relatively small. Thus, although response options may have 
made some difference, it was likely not enough to have any meaningful impact in the 





The magnitude of the equidistance indices within each Agreeableness version 
were all relatively large. Recall that an equidistance index equal to zero indicates that 
thresholds are perfectly evenly spaced. However, only one of the Amazon equidistance 
index values was near zero in the equal data (item 3 with an equidistance index of 0.065), 
and none were very near zero in the unequal data (the closest was item 8 with a value of -
0.164). The overall mean equidistance indices for both versions was around 1. This 
suggests that, by and large, the thresholds were not particularly equidistant for either the 
equal or the unequal data. This is further borne out by the statistical significance of the 
Wald tests of these threshold differences in Tables S1.2 and S3, although because of the 
high power of these tests for the Amazon sample, I do not place as much emphasis on 
statistical significance throughout this discussion. Specifically, note that nearly all the 
threshold difference values were statistically significant for both the equal and unequal 
data in the Amazon sample. In summary, there was little difference between the equal 
and unequal data, and the thresholds were not particularly equally spaced for either 
version in an absolute sense. 
Participant Pool. With the exception of items 5 and 9, the Participant Pool 
equidistance indices did not show the same pattern across versions (see Table 11). That 
is, although for the Amazon data seven of the nine equidistance indices did not differ by 
more than .25 across versions, for the Participant Pool data, seven of the nine 
equidistance indices did differ by more than .25. This implies that the equidistance of 






When considering the magnitude of the equidistance indices, it is apparent that 
the equal data thresholds were more equidistant (i.e., the equidistance indices are closer 
to zero) than the unequal data thresholds for all the items except items 2 and 7 (and item 
9, but this item’s equidistance index was very close to 0). Specifically, four of the nine 
equidistance indices were near zero for the equal data, and none for the unequal data. 
Thus, the thresholds for the equal data were more equally spaced than those for the 
unequal data, for individual items. However, the overall mean of the equidistance indices 
for each version were approximately the same, indicating that in the aggregate there was 
no difference in threshold spacing between the equal and unequal data. These overall 
means were around 0.700 for both versions, which is a fairly substantial difference and 
suggests a lack of equal spacing between thresholds. As with the Amazon sample, this is 
further evidenced by the Wald tests in Tables S2.2 and S4. As seen in these tables, only 
one threshold difference was statistically significant (i.e., the difference for item 2; lack 
of statistical significance for the other tests was likely due to the comparatively small 
sample size) – but this pattern held for both the equal and unequal data. Thus, there was 
little difference overall between the equal and unequal data for the Participant Pool 
sample; but as discussed above, some equality of item thresholds was observed for 
individual equal data items. 
Cross-sample comparisons. Item 2 produced a large discrepancy among 
thresholds in the Amazon data (for both the equal and unequal data in that sample). In 
fact, item 2 produced by far the largest equidistance indices in both the Amazon and 
Participant Pool data. This item read, “I am someone who is helpful and unselfish with 





between thresholds 1 and 2 was substantially smaller than the distance between 
thresholds 2 and 3. This suggests that it required “less” of the attitude to transition from 
response category 2 (Mostly Disagree or Moderately Disagree) to category 3 (Strongly 
Agree or Moderately Agree) than to transition from category 3 to category 4 (Completely 
Agree in both versions). This is the same unusual finding that was observed and 
discussed for items 3 and 6 in the Amazon sample, above.  
Although the other items’ threshold estimates themselves differed markedly for 
some items across samples (e.g., the equal Amazon thresholds for item 5 were much 
larger than the equal Participant Pool thresholds for the same item), the differences 
between the thresholds within items exhibited the same general pattern across samples. 
This may be seen in Tables 10 and 11. For example, for item 2 there was a substantially 
larger difference between thresholds 2 and 3 in the equal Amazon data than between 
thresholds 1 and 2; the Participant Pool equal data for item 2 displayed the same pattern. 
Many of the actual threshold difference values (in the Difference column in Tables 10 
and 11) were also similar across samples, although there were of course exceptions.  
However, there were also some marked differences in equidistance indices for 
corresponding items across samples. For example, for the equal Participant Pool data, 
items 4, 5, and 6 had the smallest equidistance indices, with all of them being very near 0. 
However, these same items in the equal Amazon data had relatively large equidistance 
indices; for this sample, items 1, 3, and 8 had the smallest indices. A similar pattern was 
seen for the unequal data, wherein the item with the smallest equidistance index for the 
Participant Pool sample (item 5) had an equidistance index that was among the largest in 





in the Amazon sample than the Participant Pool sample. This suggests some dissimilarity 
in how respondents were using the response scale for individual items across the two 
samples. Additionally, as evidenced by comparing the average equidistance indices for 
the two samples (approximately 1 for the Amazon sample and approximately 0.75 for the 
Participant Pool sample), the Participant Pool responses produced thresholds that were 
slightly more equidistant than the Amazon respondents. Thus, though in some ways the 
pattern of results was similar across samples, on balance the two samples did differ 
somewhat. 
Conscientiousness. Tables 13 and 14 present the thresholds, threshold 
differences, and equidistance indices for the Conscientiousness data. 
Conscientiousness summary. The equal response options did not produce 
thresholds that were particularly equally spaced in an absolute sense for the Amazon 
sample (i.e., many of the equidistance indices were far from 0). However, the 
equidistance indices did indicate that the equal data thresholds were more equally spaced 
than the unequal data thresholds for every item except item 2 (and this item’s index was 
near 0). This consistency was not seen for the Participant Pool sample. As a result, the 
differences in the response options appear to have had little effect for the Participant Pool 
sample. For the Amazon sample, the equal response options produced more equidistant 
thresholds than the unequal response options. However, the response options for both 
versions in both samples were not very equally spaced in an absolute sense. In terms of 
the frequency distributions, the same pattern as was observed for the Agreeableness data 
also occurred for the Conscientiousness data. Specifically, the distributions for all items 





chose response category 3 (Strongly Agree, or Mostly Disagree for reverse coded items) 
and relatively fewer respondents chose category 4 (Completely Agree, or Strongly 
Disagree for reverse coded items). 
Amazon. As seen in Table 13, there were some discrepancies across version in the 
equidistance indices for the Amazon data. Specifically, five of the equidistance indices 
differed across versions by more than 0.5, suggesting that the distance between thresholds 
for these items was dissimilar for the equal versus unequal data. The largest difference in 
equidistance indices occurred for item 3 (“I am someone who is a reliable worker”); the 
magnitudes of the equidistance indices for this item were also quite large for both 
versions (unequal index = 3.052, equal index = 2.063). The distance between unequal 
thresholds 1 and 2 was slightly smaller than the distance between equal thresholds 1 and 
2, suggesting that it required less Conscientiousness to transition from unequal response 
category 2 to 3 (Mostly Disagree and Strongly Agree) than from equal category 2 to 3 
(Moderately Disagree to Moderately Agree). Conversely, the distance between unequal 
thresholds 2 and 3 was much larger than the distance between equal thresholds 2 and 3, 
suggesting that it required more Conscientiousness to transition from unequal response 
category 3 to 4 than from equal category 3 to 4. This pattern was observed for many of 
the other Conscientiousness items as well. As discussed in the previous section for some 
of the Amazon Agreeableness items, this is contrary to what would be expected, given 
the semantic meaning of the response option modifiers. However, as with the 
Agreeableness Amazon data, this may be due to the fact that relatively more respondents 
chose category 3 in the unequal data and relatively fewer chose category 4. Thus, 





lower, and thus the θ value (i.e., level of Conscientiousness) required to transition to 
category 3 would be lower.  
For all of the items with large across-version differences between equidistance 
indices, the thresholds were relatively more equally spaced for the equal data than the 
unequal. This was also the case for all but one of the items with small differences. Thus, 
for the Amazon sample, the thresholds were somewhat more equally spaced for the equal 
data than for the unequal. This is further borne out by the Wald tests (see Tables S5.2 and 
S7). Specifically, more of the threshold differences were statistically significantly 
different for the unequal data than the equal. As with the Agreeableness data, however, 
the actual magnitude of equidistance indices was quite large. Specifically, the mean 
equidistance index was 0.924 for the equal data and 1.366 for the unequal data. Though 
the size of these values indicate that, on average, thresholds were not particularly 
equidistant for either version, they were more equidistant for the equal data than for the 
unequal. 
Participant Pool. Recall that I had to collapse categories 1 and 2 for items 3, 7, 
and 8 in the Participant Pool sample because no respondents chose category 1 for these 
items on the Conscientiousness scale. As a result, no threshold difference comparisons 
could be made for these items and I am thus only considering six equidistance indices 
here.  
All the cross-version equidistance index differences for the Participant Pool 
sample were quite large, with the exception of item 5. Item 6 in particular exhibited a 
large discrepancy, with the equal data thresholds being much more unequally spaced than 





someone who perseveres until the task is finished.” It is worth noting that, in the think-
aloud interviews with members of this sample, several students appeared to stumble over 
the word “perseveres.” It is possible that students’ misunderstanding or confusion over 
this word contributed to the strange behavior of item 6 – although why this would lead to 
a large discrepancy across versions is unclear, since the word appeared in both versions 
of the item. 
Unlike the Amazon sample, there was no consistency in which version had more 
equidistant thresholds. For items 1, 4, and 9, the equal version’s thresholds were more 
equidistant; for items 2, 5, and 6, the unequal version’s thresholds were. In terms of 
statistical significance (see Tables S6.2 and S8), four of the six items’ thresholds were 
statistically significantly different for the equal data, and three for the unequal data. 
However, despite a great deal of variability in the equidistance indices across items, the 
overall mean equidistance indices were virtually identical for both versions: 1.312 for the 
equal data and 1.325 for the unequal data. The lack of any discernible pattern in 
equidistance indices and threshold differences between the equal and unequal versions 
suggests that the set of response options used did not make much difference in the 
spacing of item thresholds. Additionally, the large mean equidistance index values 
suggest that neither set of response options produced thresholds that were evenly spaced. 
Cross-sample comparisons. Although the actual threshold estimates exhibited 
large differences for some items across samples (e.g., the equal Amazon thresholds for 
item 9 were very different from the equal Participant Pool thresholds for the same item), 
the differences between thresholds displayed the same general pattern across samples 





between thresholds 2 and 3 in the equal Amazon data than between thresholds 1 and 2; 
this was also the case for the difference between the Participant Pool item 1 thresholds. 
Although the magnitude of equidistance indices for item 1 differed across samples, this 
item did produce relatively large equidistance indices in an absolute sense in both 
samples. This item read, “I am someone who does a thorough job.” As has been observed 
with other unusually-behaving items, for item 1, less of the attitude was require to 
transition between unequal responses 2 and 3 than between equal responses 2 and 3, and 
the opposite was true for the transition between categories 3 and 4. As already described 
for the Agreeableness data, based on the frequency distributions, this may be due to the 
fact that category three was chosen relatively more, and category 4 relatively less, in the 
unequal data than the equal. 
There were some marked differences in the magnitude of equidistance indices for 
corresponding items across samples. For example, for the Amazon equal data, item 1 had 
an equidistance index of 1.580, compared to 3.036 in the Participant Pool sample. 
Similarly, the equidistance indices for items 5 and 6 were much larger for the Participant 
Pool equal data than for the corresponding Amazon data. The same pattern was also 
observed for the unequal data for items 1 and 5. Thus, there were some differences in 
equidistance across samples for individual items. However, the mean equidistance indices 
for the equal and unequal Participant Pool data and the unequal Amazon data were 
virtually identical (around 1.3; the mean value for the equal Amazon data was slightly 
lower, as discussed above). 
 Mindfulness. Tables 15 and 16 present the thresholds, threshold differences, and 





Mindfulness summary. For the Amazon sample, the overall mean equidistance 
indices indicated that the thresholds were not particularly equally spaced for either 
version – although, notably, the mean Amazon values for the Mindfulness scale were 
smaller than the mean Amazon values for either of the other two scales. Similarly, the 
Mindfulness scale produced the smallest equidistance index means of the three scales for 
the Participant Pool data. Despite being the smallest of the three scales, however, the 
equidistance indices indicated that the thresholds were still not particularly equal in an 
absolute sense for either sample. As with all the other scales, several individual items 
within each version and sample had equidistance indices near 0; but in the aggregate this 
was not the case.  
In terms of the frequency distributions, the same pattern as was observed for the 
other scales also occurred for the Mindfulness data. Specifically, the distributions for all 
items were very similar across versions. However, for most items in the unequal data, 
relatively more respondents chose response category 3 (Strongly Agree, or Mostly 
Disagree for reverse coded items) and relatively fewer respondents chose category 4 
(Completely Agree, or Strongly Disagree for reverse coded items). Although this was the 
same pattern as the other scales, there was more variability in frequency distributions 
across items than was observed for the other scales. For example, for some items 
category 2 was chosen the most, which was almost never the case for any of the other 
scales. Additionally, the pattern of more respondents choosing category 3 versus 4 was 
less pronounced for the Participant Pool data. Thus, the versions did have an effect on the 






Amazon. Seven of the 17 equidistance indices differed by more than .25 between 
the equal and unequal data for the Amazon sample. These were items 3, 7, 8, 9, 12, 15, 
and 17. There were no discernible commonalities among the wording of these items. All 
but one of the items was negatively worded, but as the majority of items on the 
Mindfulness scale are negatively worded this was not noteworthy. In terms of the 
magnitude of equidistance indices for the Amazon sample, they were relatively small in 
comparison to those observed for the other two scales in this study. Only six of the 17 
indices were above 1 for both versions, and none of the indices were above 2. 
For five of the seven items with large equidistance index discrepancies across 
versions, the equal data thresholds were more equally spaced than the unequal data 
thresholds. When considering all of the items, however, 10 of the 17 had more 
equidistant thresholds in the equal data, and seven were more equidistant in the unequal 
data (about half and half). When considering statistical significance (see Tables S9.2 and 
S11), nine equal data threshold differences were statistically significant compared to 
twelve unequal data threshold differences. Finally, the mean equidistance index values 
were very similar between versions (0.779 for the equal data and 0.880 for the unequal). 
Thus, there was not much difference between versions in terms of which version 
produced more equidistant thresholds, on average, and neither version produced 
thresholds that were very equally spaced in an absolute sense.  
Participant Pool. For the Participant Pool data, ten of the 17 equidistance indices 
differed by more than .25 across versions, and only two of the equidistance values were 
closer than .1 across versions. As with the Amazon data, there was no discernible link 





was item 6, which read, “I tell myself that I shouldn’t be feeling the way I’m feeling.” 
The equal data for this item produced an equidistance index very near 0 (it was 0.030, by 
far the smallest index value for the equal data), whereas the unequal data equidistance 
index value was 1.379 – the largest index value for the unequal data. 
For seven of the 10 items with large equidistance index discrepancies between 
versions, the unequal data produced more equidistant thresholds than the equal data. 
Overall, this was the case for twelve of the 17 items. When considering the actual 
magnitude of the equidistance indices for the equal data, only one (item 6) was near zero, 
whereas three were near zero for the unequal data. The mean equidistance indices for the 
two versions further supports the unequal data producing more equidistant thresholds 
than the equal data; specifically, the mean index value for the equal data was 0.697 
versus 0.582 for the unequal data. In terms of statistical significance, however, there was 
little difference; five equal data threshold differences were statistically significantly 
different, versus four unequal thresholds (see Tables S10.2 and S12). As has been the 
case with all the other scales, however, the thresholds were still not particualrly equally 
spaced in an absolute sense. 
Cross-sample comparisons. As already described, item 6 in the Participant Pool 
data produced the largest cross-version equidistance index discrepancy, with thresholds 
that were almost perfectly equal in the equal data yet quite unequal in the unequal data. 
Interestingly, this was not at all the case for this item in the Amazon sample, where the 
equidistance indices differed by only 0.042 across versions. It would thus appear that 
respondents in the two samples were answering this item very differently from one 





version equidistance index discrepancy in one sample corresponded to a relatively small 
discrepancy in the other sample. For example, cross-version equidistance indices for item 
3 differed by 1.146 in the Amazon sample, but by 0.091 in the Participant Pool sample; 
and for item 9 they differed by 0.510 in the Amazon sample but by 0.043 in the 
Participant Pool. This phenomenon was not observed as markedly for the other scales 
used in this study, and suggests that respondents in the two samples may have been 
understanding, interpreting, and/or using the items on the Mindfulness scale differently. 
Given that the Mindfulness scale is quite different conceptually from the Agreeableness 
and Conscientiousness scales, it is not surprising that this would be the case.  
The Mindfulness threshold estimates exhibited large differences for some items 
across samples (e.g., the equal Amazon thresholds for item 3 were very different from the 
equal Participant Pool thresholds for the same item). However, the differences between 
thresholds generally displayed the same general pattern across samples for most items 
(see Tables 15 and 16). For example, for item 10 there was a substantially smaller 
difference between thresholds 2 and 3 in the equal Amazon data than between thresholds 
1 and 2; this was also the case for the difference between the Participant Pool item 1 
thresholds.  
There were several large differences in the magnitude of equidistance indices for 
corresponding items across samples – for example, item 13 had an equidistance index of 
1.134 in the Amazon equal data, compared to 0.275 in the Participant Pool sample. 
Similarly, the equidistance indices for items 3, 4, 5, and 13 were much larger for the 
unequal Amazon data than for the Participant Pool data, and the reverse was true for item 





items. There were also some differences in the mean equidistance index values between 
the samples. The mean value for the equal Amazon data was smaller than the mean value 
for the unequal Amazon data (0.779 versus 0.880); but for the Participant Pool, the mean 
equal data equidistance index was larger than the unequal mean (0.697 versus 0.582). In 
both cases, the Amazon data produced a larger mean equidistance index value than the 
Participant Pool data (which was also the case for the Agreeableness scale values). 
Overall within-item comparison summary. At an individual item level, both the 
equal and unequal response options produced some thresholds that were equally spaced 
(i.e., their equidistance indices were near 0). Additionally, for some scales (e.g., 
Agreeableness), the equal response options produced thresholds that were more equally 
spaced than the unequal options. However, based on the mean equidistance indices, the 
general pattern across all items, and (to a lesser extent) the statistical significance tests, 
neither set of response options consistently produced equidistant response options for any 
of the three scales in both samples. Thus, said another way, neither the equal nor unequal 
response options produced thresholds that were equally spaced in an absolute sense. 
Across-Version Threshold Comparisons 
 In the previous section I discussed the within-item threshold comparisons. These 
comparisons primarily addressed whether the thresholds within an item were equally 
spaced for the equal and unequal response scales separately (research aim 2). In addition 
to discussing whether thresholds were equidistant in an absolute sense within each 
version and sample (research aim 2), I also discussed which version (equal or unequal) 
had thresholds that were more equally spaced (research aim 3). To address research aim 3 





statistical comparisons of, for example, the difference between thresholds 1 and 2 for 
item 1 in the equal data to the difference between thresholds 1 and 2 for item 1 in the 
unequal data. As with the within-item threshold comparisons, recall that I calculated a 
difference of differences value, which I called the similarity index. This value is 
calculated as the difference between the differences of (for example) thresholds 1 and 2 
for the equal versus unequal data, and represents how similar the spacing is across 
versions. In the example above comparing the difference between item 1’s thresholds 1 
and 2 for both the equal and unequal data, a similarity index of 0 would indicate that the 
spacing between these thresholds is identical for both versions. If the equal response 
options were in fact producing thresholds that were more (or less) equally spaced than the 
unequal response options, the similarity index should be different from 0 (it would be 
negative if the equal data threshold is larger, and positive if the unequal data threshold is 
larger). Note that, unlike the equidistance index (which I “want” to be 0), the similarity 
index (which I do not “want” to be 0) does not provide an indication of whether item 1’s 
thresholds are equally spaced. Rather, it only provides information regarding whether the 
spacing between item 1’s thresholds 1 and 2 in both versions is the same. Thus, whether 
the similarity index is positive or negative says nothing about the equal spacing of the 
thresholds, either. 
Agreeableness. The across-version threshold differences for the Agreeableness 
data of both samples are presented in Table 17. On the whole, there was little difference 
in threshold spacing across versions – that is, the similarity indices were not substantially 
different from zero. This indicates that neither version produced thresholds that were 





Amazon. As seen in Table 17, there was little difference in threshold spacing 
between the equal and unequal data. For example, the distance between thresholds 1 and 
2 for item 1 in the equal data was 2.807; and the difference between thresholds 1 and 2 
for item 1 in the unequal data was 2.265. The similarity index for this set of threshold 
differences was -0.542, indicating that the spacing for each version only differed by 0.542 
– a relatively small difference. This is in fact the largest similarity index value for the 
Amazon data. The mean similarity index was 0.343. The Wald tests for the Amazon data 
further bear out the lack of differences in the spacing of corresponding thresholds across 
versions (see Table S13). Specifically, only four of the 18 across-version differences 
were statistically significant. Thus, it did not appear that the equal response options 
systematically produced threshold spacing that was different from that of the unequal 
response options. 
Participant Pool. The Participant Pool’s similarity indices were larger than the 
Amazon sample’s – the mean similarity index for the Participant Pool was 0.516 
compared to 0.343 for the Amazon sample. Despite this fact, only three threshold 
differences were statistically significantly different from one another (see Table S14), but 
as already mentioned this was likely due to the much smaller Participant Pool sample 
size. Two threshold differences in particular had large similarity indices – the difference 
between thresholds 1 and 2 for item 2; and the difference between thresholds 1 and 2 for 
item 4. Examination of the actual difference values for these items indicates that the 
equal data produced smaller differences between thresholds 1 and 2 than the unequal 
data, suggesting that it required less of the attitude to transition from category 2 to 3 





used. Logically, this makes sense – based on the percentages assigned to the modifiers to 
represent percent of agreement, it should be “easier” to transition between Moderately 
Disagree and Moderately Agree than to transition between Mostly Disagree and Strongly 
Agree. However, it is unclear why only these items exhibited this trend and not the 
others, and is likely simply due to chance. Though the similarity indices were, on 
average, larger for the Participant Pool sample than Amazon, they were still relatively 
small. Thus, it may be conluded that there was not much difference in threshold spacing 
across versions.  
Cross-sample comparisons. As already mentioned, the similarity indices for the 
Participant Pool sample were, for the most part, larger than the indices for the Amazon 
sample. This suggests that the Participant Pool respondents may have been somewhat 
more impacted by the differences in response options than the Amazon sample. This 
conclusion is supported by the results of the within-item threshold comparisons, as 
described previously, wherein the Participant Pool’s equidistance indices were smaller 
(for individual items) for the equal data than the unequal. In both comparisons (within-
item and across-version), however, the trend towards greater equality of the equal data 
threshold spacing for the Participant Pool was slight. Overall, neither version exhibited 
much difference in parallel threshold differences across version; and thus I concluded that 
the response options did not make much difference in threshold spacing.  
Conscientiousness. The across-version threshold differences for the 
Conscientiousness data of both samples are presented in Table 18. As with the 
Agreeableness data, there was little difference in the spacing of corresponding thresholds 





Amazon. The similarity index values for the Conscientiousness data were 
somewhat larger than those for the Agreeableness data. However, in an absolute sense the 
differences in spacing across versions was still relatively small, with a mean similarity 
index value of 0.444. The largest similarity index was 0.865, and occurred for the 
difference between thresholds 2 and 3 for item 3. The difference between these thresholds 
was smaller for the equal data than for the unequal data (note, however, that the size of 
the difference between the thresholds says nothing about whether the thresholds were 
equally spaced; that can only be answered by the within-item threshold comparisons 
already discussed). The difference between thresholds 2 and 3 for items 2 and 8 also had 
relatively large similarity index values (0.781 and 0.757, respectively). Eight of the 18 
across-version differences were statistically significant (see Table S15) compared to four 
for the Agreeableness data, suggesting that the response option differences had more of 
an impact in the Amazon Conscientiousness data than in the Agreeableness data. 
However, with a mean of 0.444, the similarity indices nevertheless indicated an overall 
lack of difference across versions, suggesting that the response options still did not make 
a large difference in the threshold spacing for the Amazon data. 
Participant Pool. Recall that, because I collapsed categories for 
Conscientiousness items 3, 7, and 8 in the Participant Pool sample, there was only one 
similarity index for these three items (see Table 18). The Participant Pool sample had a 
mean similarity index that was large in comparison to the other scales (0.608), suggesting 
that there were differences in threshold spacing between the equal and unequal versions. 
Six of the 18 difference values were statistically significantly different (see Table S16). 





with a similarity index of 2.082 – by far the largest similarity index of any of the scales or 
samples. For this item, the equal data produced a difference between thresholds 1 and 2 
that was much smaller than that for the unequal data. The opposite was true for one of the 
other large similarity index values (representing the difference between thresholds 1 and 
2 for item 5), for which the equal data produced a larger difference. This lack of a 
discernible pattern parallels the lack of consistency observed for the Participant Pool 
Conscientiousness within-item threshold comparison; recall that for those comparisons 
there was no pattern in whether the equal or unequal data produced more equidistant 
thresholds. Thus, the Conscientiousness scale seems to have behaved somewhat strangely 
for the Participant Pool sample; this may be due to the very low response rates at the low 
end of the response scale, which can cause unstable estimation of the lower thresholds.  
Cross-sample comparisons. As for the Agreeableness data, values of the 
similarity indices for the Participant Pool sample were, on average, larger than those for 
the Amazon sample. Although this suggests that the Participant Pool respondents may 
have been more impacted by the differences in response options than the Amazon 
sample, the within-item threshold comparisons indicate that the version producing the 
more equally spaced thresholds was inconsistent. As with the Agreeableness data, neither 
version exhibited very large differences in the values of the actual threshold differences 
across version. Thus, I concluded that the response options did not make much difference 
in threshold spacing.  
Mindfulness. The across-version threshold differences for the Mindfulness data 





Amazon. The mean similarity index for the Amazon data was 0.308, and there 
were few large similarity index values for specific comparisons. At -0.875, the largest 
similarity index was for the difference between thresholds 1 and 2 for item 7. The next 
largest index was 0.858, for the difference between thresholds 2 and 3 for item 15. In 
terms of statistical significance, only eight of 34 differences were statistically 
significantly different (see Table S17). Thus, on the whole, the similarity indices were 
fairly small, suggesting little impact of response options on threshold spacing. 
Participant Pool. The Participant Pool data produced similarity indices that were 
on average larger than those of the Amazon sample (mean index of 0.464), and also had a 
greater number of relatively large similarity indices. The largest similarity index (for the 
difference between thresholds 1 and 2 for item 7) was -1.673, followed by the index for 
the difference between thresholds 1 and 2 for item 9 at -1.385, and the index for the 
difference between thresholds 2 and 3 for item 6 at 1.355. Three other similarity indices 
were over 1 as well. There was no consistency in terms of which version had the smaller 
distance between thresholds. However, only five of the 34 cross-version threshold 
differences were statistically significant (see Table S18). And in an absolute sense, the 
mean similarity index was fairly small (0.464). Thus, the response options do not appear 
to have made much difference in spacing between thresholds across versions. 
Cross-sample comparisons. As has been the case for both of the other scales, 
values of the Participant Pool similarity indices were, on the whole, larger than those 
from the Amazon sample. However, in terms of absolute value, the similarity indices 





options made more of difference for the Participant Pool than the Amazon sample, but 
not much difference in an absolute sense. 
Overall across-version comparison summary. Although several individual 
threshold difference pairs and/or items had large similarity indices, indicating a 
difference in threshold spacing between versions, on the average there was not much 
difference between versions in the spacing between thresholds. This indicates that the 
equal versus unequal response options did not have a substantial impact on threshold 
spacing.  
Overall Conclusions 
  To avoid repeating myself, I did not describe the frequency distributions for every 
sample and scale in the above discussion. However, it is important to point out that the 
pattern observed for the Amazon Agreeableness data – that category 3 was chosen 
relatively more and category 4 was chosen relatively less in the unequal data than the 
equal – held for all three scales in both samples. This is noteworthy because it shows a 
consistent impact of response options on participants’ responses. It also indicates that 
respondents did in fact view Moderately Agree and Completely Agree as less similar 
conceptually than Strongly Agree and Completely Agree. If this were not the case, the 
frequencies would have been approximately the same across versions. However, a change 
in response frequencies across versions is not the same as a change in threshold spacing, 
which was the main focus of this study. 
The fact that the equidistance index values were by and large much larger than the 
similarity index values indicates that differences in spacing within an item (e.g., the 





thresholds 2 and 3 for item 1) were larger than the differences in spacing across versions. 
Said another way, the across-version threshold spacing was much more similar than the 
spacing within an item. This suggests that respondents were, for the most part, treating 
the equal and unequal response options the same. If this were not the case, all the 
similarity index values would have been much larger than 0. However, the opposite 
pattern was observed – the equidistance indices were, on average, further from 0 than the 
similarity indices. Furthermore, and more tellingly, there was little to no difference in 
equidistance indices between the equal and unequal data in either sample, and neither set 
of response options consistently produced thresholds that were equidistant in an absolute 
sense (i.e., equidistance indices were not near 0). Thus, the conclusion must be drawn 
that the equal response options did not produce thresholds that were equally spaced in an 
absolute sense (research aim 2), nor did they produce thresholds that were substantially 
more equally spaced than the unequal response options (research aim 3).  
 Why might this be the case? The most reasonable explanation is that respondents 
using both the equal and unequal response options did not pay attention the response 
option labels. If a respondent ignored the labels of the unequal response options and 
treated them as if they were equal, the distance between thresholds should not be much 
different from the distance between thresholds for the equal data – which is what was 
observed for the most part in this study. This explanation is supported by the comments 
of several think-aloud participants. Based on the coding of interviews, six of the nine 
interviewees indicated that they treated the response options as a continuum – that is, 
they ignored the actual labels of the response options and instead treated them like a 





scale] as 1, 2, 3, 4. One being like completely disagree or strongly disagree.” When I 
asked another respondent about whether she tends to treat response scales as a 
continuum, she responded, “Yeah probably…some surveys are like, ‘How do you feel 
about this?’ [on a scale of] 1 to 10…Those kind of surveys have taught me to think that 
way.…Most surveys start with strongly and go to completely. And then…in between is 
sort of the in-between feelings. So I do feel like [the response options] are evenly spaced 
even if the words suggest otherwise. I guess sort of subconsciously I just look over them, 
and then just think, ‘Oh, 0 to 10, this is how I feel.’” When I asked this same respondent 
whether she would have given the same responses if the scale with equal response 
options had been used instead had the unequal response options, she said, 
“Yeah…because I would have still seen it as four bullet points or four ways of 
thinking…[The extreme ends are] more set in my ways, and then in between is sort of 
moderately. So I probably would have seen these two [Mostly Disagree and Strongly 
Agree] as moderately, even if it didn’t say moderately, only because they’re like in the 
middle…So it isn’t like completely agreeing, it’s more moderate than completely.” I 
asked a third interviewee why he chose Strongly Agree and not Completely Agree for one 
of the unequal response option items. He responded, “Because I feel like I can do it at 
some point, but not all the time. I think so strongly, but not completely….That’s how I 
take these surveys. This one [pointing to the last option, Completely Agree] means all the 
time, this one [pointing to the second-to-last-option, Strongly Agree] is most of the time 
but not really.”  
A related possibility is that respondents paid attention to the wording of the 





unequally spaced options were unequally spaced, and instead treated the unequal 
response options as if they were somewhat equidistant. This theory was also supported by 
some of the think-aloud participants. Specifically, several of the interviewees made a 
reference to the fact that they picked the best option they could, given that the response 
option that more accurately described their feelings was not available. For example, for 
one item with the unequal response options, one respondent said, “I would strongly agree, 
I guess….given that strongly is the closest thing that I can get to mostly. And if there 
would be a mostly agree option, I would choose that, but [I’m going to choose] strongly 
agree. Because that’s [the response option] I have.” The same respondent made a similar 
comment for another item later in the survey. When I asked him about what he was doing 
in his head when he was making those decisions, he described how he mentally converted 
the response scale to numbers: “[I think of it as] 1, 2, 3, 4. One is disagree. Four is 
agree….I guess, get rid of the descriptors and just read it, how much I agree with it.” 
Thus, this respondent wanted to answer, for example, mostly or moderately agree for 
some items (or at least some response that, to him, represented less agreement than 
Strongly Agree). However, upon realizing that such a response was not available, he 
chose the next best response – the one that was clearly intended to be less than 
Completely Agree because it came before Completely Agree in the list of responses 
(which were arranged in a vertical bulleted list with the Disagree options at the top). 
When I asked several other interviewees about whether they experienced a similar 
thought process, three of them agreed. This idea harkens back to Grice’s (1975) 
conversational maxims discussed briefly in the literature review. Recall that, according to 





characteristics of the scale – including the items and response options – are there for a 
logical, meaningful reason. Thus, if something on the scale confuses them, they will use 
logic to determine the scale creators’ intended meaning. It is possible that many 
respondents in this study did not think that, for example, Strongly Agree was an accurate 
representation of their feelings. However, given that it was the weakest level of 
agreement they could choose, they inferred that Strongly Agree was intended to represent 
a level of agreement halfway between Completely Agree and Mostly Disagree, and thus 
selected it as the best possible option. Said another way, these respondents did not think 
that the unequal response options were equally spaced; but they treated them that way (or 
at least treated them as equally spaced as they treated the equally spaced options) because 
they believed that is how the response options were intended to be used. As one 
respondent stated, “I was kind of confused [by the unequal response options] but I kind of 
just went along [with it].” 
These two explanations – that respondents either ignored the response option 
labels from the beginning, or ignored them once they realized the unequal options did not 
make sense – are both the most reasonable, and the ones best supported by the qualitative 
information. Specifically, three of the nine interviewees did not even notice that the 
response options on the two scales they completed were different (recall that each 
interviewee completed one equal scale and one unequal). These interviewees were likely 
ignoring the response option labels entirely. The other six respondents indicated that they 
did notice the difference, but were either not thrown off by it, or adjusted their thinking to 





adopted one of these two strategies, it is likely that the non-interviewed respondents did 
as well. 
It must be pointed out, however, that all interviewees were from the Participant 
Pool sample. Although there is no particular reason to think these explanations would not 
also apply to the Amazon sample, making this assumption is conjecture. There were 
some qualitative differences between the two samples – the Amazon sample was older, 
and there was a more even balance of male to female than in the Participant Pool sample 
(which was 76% female). Additionally, it could be assumed that, as a college student 
sample, the Participant Pool respondents are more used to being surveyed – but given the 
intent of Amazon mTurk, the Amazon participants are also probably surveyed more than 
the general population. Besides demographic differences, the procedures were somewhat 
different for the two groups, because the Amazon participants had to wait a minimum of 
five seconds before advancing to the next item whereas the Participant Pool did not. The 
fact that the Participant Pool was not forced to pay attention via this delay may mean that 
respondents paid less attention to the items, and thus were not as impacted by the 
wording differences as they may otherwise have been. Conversely, the delay may have 
caused impatience and annoyance in some of the Amazon respondents, thus impacting 
their feelings about the survey and subsequently their responses. As a result, although it 
should not be definitively stated that the lack of difference in threshold spacing between 
the equal and unequal data was due to the reasons just described (i.e., respondents 
ignoring the labels), it is reasonable to think that the same explanations may apply. 
 Implications. As discussed in the literature review, having a response scale that is 





the validity of the conclusions drawn based on survey responses may be questionable, 
and the assumptions of some statistical tests may not be met. To address this issue, I 
attempted to develop an equal interval response scale. If responses from this scale had 
produced equally spaced item thresholds, the problems described in the literature review 
would be solved. However, what I instead found was that respondents treated both 
response scales essentially the same, and neither response scale produced thresholds that 
were particularly equally spaced. As illustrated by the think-aloud participants, this was 
likely because respondents were either ignoring the response option labels from the 
beginning, or began doing so once they realized the unequal options were not equally 
spaced. 
 What does this mean for attitudinal researchers? The pessimistic conclusion is 
that no matter what labels a researcher uses, he or she will be unable to entirely trust in 
the validity of respondents’ attitudinal scale data. Even response options deliberately 
created to be equal-interval did not yield equally spaced category boundary locations for 
the graded response model. On the other hand, however, the optimistic conclusion is that 
it is likely unnecessary to put a lot of effort into ensuring that response options are 
perfectly equally spaced in a semantic sense. Certainly, researchers should not use any set 
of response labels without regard to their semantic meaning. But, if an attitudinal 
researcher is developing a new scale, she may not need to spend a great deal of time on 
the development of response options. Or if she wishes to use an already-developed 
attitude scale with unbalanced response options and does not want to risk impacting the 





probably use the original options without worrying overmuch about how they will impact 
responses.  
 However, it cannot be overemphasized that the findings in this study do suggest 
that results must be interpreted carefully. Even response options that were deliberately 
designed to be equally spaced did not produce thresholds that were equally spaced – and 
in that sense did not produce equal interval data. As such, the issues described in the 
literature review – such as questionable interpretational validity and the inability to meet 
the assumptions of some statistical tests – will nearly always pose a problem. As 
discussed briefly, use of IRT – and specifically the Rasch model – can help combat these 
problems. But researchers who wish to use other non-IRT-based analysis methodology 
must keep in mind that these problems exist, and interpret their findings accordingly. 
Limitations and Future Research 
 Limitations. Several limitations existed in this study. First, considerable 
variability was observed around the percentages assigned to many of the Likert-type 
response option modifiers used in phase 1 of this study (see Table 1). Specifically, many 
of the standard deviations were over 10, which on a 100 point scale represents a not 
insignificant difference in the percentage of agreement respondents thought was 
represented by each response option label. This lack of consistency suggests that 
individual respondents may have differed from one another in terms of how equal or 
unequal they perceived the response options to be. This may in turn have resulted in more 
error in the parameter estimates, which may partially explain the inconsistent differences 





Additionally, despite making efforts to select attitude scales that would cause 
respondents to use the full range of the response scale, the frequency distributions for all 
the scales – but particularly Agreeableness and Conscientiousness – indicated that the 
lowest response option was chosen relatively infrequently. This was not as much of an 
issue for the Amazon sample, as this sample was large enough that there were still 
sufficient responses in the low categories to pose few problems for estimation. However, 
the Participant Pool sample was much smaller, and as such some responses for some 
items were never chosen (as seen for the Conscientiousness scale). As a result, estimation 
of the lower thresholds in the Participant Pool likely suffered from some instability (as 
may be seen in the threshold standard errors for some items in, for example, Tables S6.2 
and S8). 
 Similarly, the Participant Pool sample size was quite low in general for the graded 
response model. Ideally, I should have had around 500 respondents in each version, 
versus the approximately 250 I did have. Had I decided to combine my samples as 
originally planned, this would not have been an issue; but as already discussed, the 
invariance analyses did not support this combination. Ultimately, I decided the non-
optimal sample size was preferable to combining samples that clearly differed in their 
threshold and loading parameter estimates. However, as illustrated by the higher 
Participant Pool standard errors that may be seen in the supplementary tables, keeping the 
samples separate led to slightly less stable estimation of the threshold parameter estimates 
for this sample. 
 Finally, in the Methods, I discussed the reason for selecting four response options 





response options may not have been enough to produce a distinction between versions. 
Consider the think-aloud interviewees who stated that they selected Strongly Agree only 
because there was no Mostly or Moderately Agree option – that is, they treated Strongly 
Agree as if it were actually Moderately Agree, and thus no real difference between 
versions was observed. But what if there had instead been six response options, and the 
Agree end of the unequal options had been Completely Agree (100% agreement, 
according to Table 1), Strongly Agree (90%), and Somewhat Agree (60%)? In this 
scenario, a respondent who fell around 75% agreement would have been forced to choose 
between Strongly Agree and Somewhat Agree, and thus a more marked difference may 
have been observed. 
  Future research. Based on these limitations, future research using the graded 
response model to estimate item thresholds should have at least 500 respondents for each 
version, as was the case for the Amazon sample in this study. Additionally, sampling 
from a more general population that is not used to completing surveys may provide quite 
different results. Specifically, a non-survey saturated population would logically be 
expected to pay more attention to the labels of the response options, since they are not 
“programmed” to think about response options as a continuum due to repeated exposure 
to common types of response options. If more equal spacing for the equally spaced 
response options was observed for such a population, it would lend support to the 
hypothesis that the lack of expected results in this study was due to respondents ignoring 
the response option labels. Finally, using different scales could address the issue of low 
response rates for some response categories, and different numbers of response categories 





 As a final note for future researchers, although the frequency distributional 
differences discussed throughout the section were not the main focus of this study, they 
did reveal that respondents may in fact be using the two versions of the response scale 
differently. Specifically, recall that more respondents chose category 3 more and fewer 
chose category 4 in the unequal data than the equal data. Although this did not affect the 
threshold spacing, this result is notable and future research should continue to explore 
this trend. 
Conclusion 
 Although my equal interval response options did not behave as I hoped, the 
conclusions that may be drawn from my study are still useful to attitudinal researchers. If 
response option labels truly do not matter, it is advantageous to be aware of that fact. But 
it is also vital to remember that an individual study is never the answer to a research 
question or problem. The issue addressed in this paper is an important one, but there is 
clearly more work to be done. As measurement researchers, we should always be in 









Median, Mean, and SD of Percentages Assigned to Agree/ 
Disagree Modifiers via the Slider Survey 
 Median Mean SD 
Completely Disagree 0.0 1.53 5.35 
Very Strongly Disagree 5.0 8.48 9.54 
Strongly Disagree 10.0 12.08 13.53 
Mostly Disagree 20.0 22.05 10.29 
Disagree 20.5 21.82 11.39 
Moderately Disagree 33.0 32.61 11.38 
Somewhat Disagree 40.0 37.28 9.94 
Slightly Disagree 40.0 39.22 12.97 
Neither Agree nor Disagree 50.0 49.95 1.80 
Somewhat Agree 60.0 60.64 4.13 
Slightly Agree 60.0 57.51 18.42 
Moderately Agree 65.0 65.29 16.53 
Agree 76.0 76.53 15.43 
Mostly Agree 78.5 77.11 11.56 
Strongly Agree 90.0 87.59 11.15 
Very Strongly Agree 95.0 94.11 10.04 
Completely Agree 100.0 98.17 13.57 
Note. n = 288 
Note. Bolded values indicate response options that were chosen 
for the equal scale; italicized values indicate response options 
that were chosen for the unequal scale. 





Table 2   
Data Collection Design: Summary 
Participant Source Administration Time Scales Administered 
Assessment Day Early Fall Sliders 
Reddit r/samplesize Summer and Mid-Fall 
Sliders (summer); equal and unequal 
Mindfulness, Conscientiousness, and 
Agreeableness scales (fall) 
Participant Pool Mid-Fall 
Equal and unequal Mindfulness, 
Conscientiousness, and Agreeableness 
scales 
Amazon mTurk Mid-Fall 
Equal and unequal Mindfulness, 












Sliders (n = 262) 
Reddit: Sliders 
(n = 26) 
Reddit: Survey 
(n = 26)* 
Participant Pool: 
Survey (n = 481) 
Amazon mTurk: 
Survey (n = 1620) 
Gender      
    Male 39.3% - 75% 23.7% 45.3% 
    Female 60.7% - 25% 75.9% 54.7% 
Mean (SD) Age 18.42 (.34) - 22.00 (5.61) 18.79 (1.66) 37.59 (11.66) 
Country of Origin**      
    United States - - 62.50% - 96.3% 
    Venezuela - - 0% - 0.4% 
    US Minor Outlying Islands - - 0% - 0.4% 
    India - - 0% - 0.3% 
Highest Education Level      
    Some high school - - 0% - 1.1% 
    High school graduate - - 25% - 11.8% 
    Some college - - 37.50% - 21.9% 
    Associate degree - - 12.50% - 14.5% 
    Bachelor's degree - - 12.50% - 35.8% 
    Some postgraduate - - 0% - 2.8% 
    Master's degree - - 0% - 9.7% 
    Ph.D., law, or medical degree - - 12.50% - 2.3% 
    Other advanced degree - - 0% - 0.1% 
*Only 8 Reddit respondents provided demographic information.    



















l Combination 1 (n=122) Equal Unequal Equal 
Combination 2 (n=120) Equal Equal Unequal 
Combination 3 (n=121) Unequal Unequal Equal 
Combination 4 (n=118) Unequal Equal Unequal 
Total Equal Versions 242 238 243 










 Combination 1 (n=415 Equal Unequal Equal 
Combination 2 (n=395) Equal Equal Unequal 
Combination 3 (n=381) Unequal Unequal Equal 
Combination 4 (n=429) Unequal Equal Unequal 
Total Equal Versions 810 824 796 






Combination 1 (n=5) Equal Unequal Equal 
Combination 2 (n=6) Equal Equal Unequal 
Combination 3 (n=9) Unequal Unequal Equal 
Combination 4 (n=6) Unequal Equal Unequal 
Total Equal Versions 11 12 14 







Combination 1 (n=2) - Unequal Equal 
Combination 2 (n=1) Unequal Equal - 
Combination 3 (n=2) Unequal - Equal 
Combination 4 (n=2) - Equal Unequal 
Combination 5 (n=1) Equal - Unequal 
Combination 6 (n=1) Equal Unequal - 
Total Equal Versions 2 3 4 







Table 5          
Total Score Descriptives by Sample 





















η2 (first ANOVA) 0.137 0.143 0.103 0.167 0.141 0.177 0.117 0.100 
η2 (second ANOVA) 0.014 0.021 0.013 0.015 0.009 0.021 0.007 0.011 
Amazon 
n 810 810 824 796 796 824 796 824 









Skew -.441 -.401 -.491 -.363 -.386 -.510 -.048 -.088 
Kurtosis -.104 .129 -.429 -.341 -.257 .043 -.536 -.526 
α 0.834 0.834 0.878 0.874 0.920 0.904 0.894 0.895 
PP 
n 242 238 238 241 241 238 241 238 









Skew -.239 -.154 -.139 -.263 -.345 -.058 -.113 .034 
Kurtosis -.332 -.490 -.592 -.115 .631 .095 -.168 -.264 
α 0.720 0.736 0.770 0.762 0.861 0.841 0.841 0.837 
Reddit 
n 47 60 42 59 57 54 51 45 









Skew -.596 -.419 -.288 -.217 .325 .108 .401 -.056 
Kurtosis -1.057 -1.172 -1.040 -1.093 -1.246 -1.442 -1.105 -1.238 
α 0.637 0.839 0.897 0.889 0.929 0.811 0.907 0.819 
Note. η2 in this table refers to the value from the one-way ANOVA with the subscale as the DV and participant source (Amazon, PP, 





Table 6        
Cross-Sample Multiple Group CFA 
  -2LL  -2LL Diff Δdf p-value AIC BIC SSABIC 
Equal Agree. - Free 19448.63    19594.63 19956.59 19724.73 
Equal Agree. - Loadings 19478.68 30.05 9 <.001 19606.68 19924.02 19720.74 
Equal Agree. - Thresholds 19661.00 182.32 9 <.001 19735.00 19918.46 19800.95 
Unequal Agree. - Free 18878.41    19024.41 19386.10 19154.24 
Unequal Agree. - Loadings 18905.15 26.74 9 0.001 19033.15 19350.24 19146.97 
Unequal Agree. - Thresholds 19035.53 130.38 9 <.001 19109.53 19292.85 19175.33 
Equal Consc. - Free 17914.85    18056.85 18409.57 18184.06 
Equal Consc. - Loadings 17963.31 48.46 9 <.001 18087.31 18395.32 18198.40 
Equal Consc. - Thresholds 18198.28 234.97 9 <.001 18270.28 18449.12 18334.78 
Unequal Consc. - Free 16945.18    17083.18 17424.32 17205.17 
Unequal Consc. - Loadings 16997.02 51.84 9 <.001 17117.02 17413.66 17223.10 
Unequal Consc. - Thresholds 17184.78 187.76 9 <.001 17254.78 17427.82 17316.65 
Equal Mindfulness - Free 34548.84    34824.84 35507.13 35068.82 
Equal Mindfulness - Loadings 34644.29 95.45 17 <.001 34886.29 35484.52 35100.21 
Equal Mindfulness - Thresholds 34830.10 185.81 17 <.001 34970.10 35316.18 35093.85 
Unequal Mindfulness - Free 35187.70    35463.71 36149.28 35710.97 
Unequal Mindfulness - Loadings 35259.53 71.82 17 <.001 35501.53 36102.65 35718.33 
Unequal Mindfulness - Thresholds 35444.02 184.49 17 <.001 35584.02 35931.77 35709.44 
Note. “Loadings” indicates that loadings were fixed equal across groups. “Thresholds” indicates that both loadings and 






Table 7         
Cross-Version Multiple Group CFA: Amazon Sample 
 LL  -2LL  -2LL Diff Δdf p-value AIC BIC SSABIC 
Agreeableness - Free -15118.56 30237.12    30383.12 30776.60 30544.69 
Agreeableness - Loadings -15123.83 30247.65 10.54 9 0.074 30375.65 30720.63 30517.31 
Agreeableness - Thresholds -15165.42 30330.84 83.19 27 <.001 30404.84 30604.28 30486.74 
Conscientiousness - Free -13658.33 27316.66     27460.66 27848.75 27620.02 
Conscientiousness - Loadings -13660.04 27320.08 3.42 9 0.051 27446.08 27785.66 27585.52 
Conscientiousness - Thresholds -13746.71 27493.42 173.34 27 <.001 27567.42 27766.86 27649.32 
Mindfulness - Free -26857.82 53715.64    53991.64 54735.49 54297.08 
Mindfulness - Loadings -26877.01 53754.01 38.37 17 0.001 53996.01 54648.23 54263.83 
Mindfulness - Thresholds -26932.84 53865.68 111.66 51 <.001 54005.68 54382.99 54160.61 
Note. “Loadings” indicates that loadings were fixed equal across groups. “Thresholds” indicates that both loadings and thresholds 





Table 8         
Cross-Version Multiple Group CFA: Participant Pool Sample 
 LL  -2LL  -2LL Diff Δdf p-value AIC BIC SSABIC 
Agreeableness - Free -4371.72 8743.44    8889.44 9194.13 8962.43 
Agreeableness - Loadings -4378.98 8757.95 14.51 9 0.031 8885.95 9153.07 8949.95 
Agreeableness - Thresholds -4414.24 8828.47 70.52 27 <.001 8902.47 9056.90 8939.47 
Conscientiousness - Free -4155.14 8310.27 -518.20    8444.27 8723.77 8511.12 
Conscientiousness - Loadings -4162.51 8325.03 14.76 9 0.029 8441.03 8682.99 8498.90 
Conscientiousness - Thresholds -4241.78 8483.55 158.53 24 <.001 8551.55 8693.39 8585.48 
Mindfulness - Free -8337.09 16674.18 8190.63   16950.18 17525.88 17087.88 
Mindfulness - Loadings -8347.50 16695.01 20.82 17 0.046 16937.01 17441.78 17057.74 
Mindfulness - Thresholds -8392.96 16785.91 90.90 51 <.001 16925.91 17217.93 16995.76 
Note. “Loadings” indicates that loadings were fixed equal across groups. “Thresholds” indicates that both loadings and thresholds 





Table 9        
Omnibus Tests of Within-item Threshold Differences       
 Amazon  Participant Pool 
  Wald df p-value  Wald df p-value 
Equal Agreeableness 156.802 9 <.001  43.586 9 <.001 
Unequal Agreeableness 140.331 9 <.001  15.586 9 0.076 
Equal Conscientiousness 77.404 9 <.001  41.475 6 <.001 
Unequal Conscientiousness 149.292 9 <.001  78.893 6 <.001 
Equal Mindfulness 183.356 17 <.001  54.664 17 <.001 








Agreeableness Threshold Estimates and Differences: Amazon 
Equal Amazon  Unequal Amazon 
 Threshold Difference 
Equidistance 
Index 
 Threshold Difference 
Equidistance 
Index 
Item 1 -3.508    -3.379   
 -0.700 2.807 
  -1.114 2.265  
  1.670 2.370 -0.437   1.566 2.680 0.415 
Item 2 -4.737    -4.961   
 -2.857 1.879 
  -2.785 2.176  
  1.140 3.997 2.118   1.561 4.345 2.169 
Item 3 -4.940    -4.959   
 -2.861 2.079 
  -3.191 1.768  
  -0.718 2.144 0.065   -0.629 2.562 0.794 
Item 4 -3.930    -4.240   
 -1.938 1.992 
  -1.816 2.424  
  1.043 2.981 0.989   1.459 3.275 0.851 
Item 5 -3.142    -2.966   
 -1.353 1.789 
  -1.110 1.855  
  1.260 2.613 0.824   1.729 2.839 0.984 
Item 6 -3.631    -3.523   
 -0.967 2.665 
  -1.146 2.377  
  1.090 2.056 -0.609   1.447 2.594 0.217 
Item 7 -6.773    -7.047   
 -4.064 2.709 
  -4.059 2.988  
  0.642 4.707 1.998   1.167 5.226 2.238 
Item 8 -4.745    -5.456   
 -1.823 2.922 
  -2.166 3.290  
  0.768 2.591 -0.331   0.960 3.126 -0.164 
Item 9 -5.181    -5.177   
 -3.054 2.128 
  -2.722 2.455  
  0.730 3.784 1.656   1.145 3.866 1.411 
Mean* - 2.679 1.003  - 2.895 1.027 







Agreeableness Threshold Estimates and Differences: Participant Pool 
 Equal Participant Pool  Unequal Participant Pool 
 Threshold Difference 
Equidistance 
Index 
 Threshold Difference 
Equidistance 
Index 
Item 1 -3.768    -4.213   
 -0.814 2.955   -1.169 3.044  
  2.051 2.864 -0.091   2.222 3.391 0.347 
Item 2 -3.940    -4.914   
 -3.059 0.881   -2.728 2.186  
  0.416 3.475 2.594   1.116 3.844 1.658 
Item 3 -4.399    -4.629   
 -2.359 2.040   -2.855 1.774  
  -0.161 2.198 0.158   -0.402 2.453 0.679 
Item 4 -4.723    -6.164   
 -2.230 2.492   -2.426 3.738  
  0.270 2.500 0.008   0.805 3.231 -0.507 
Item 5 -4.328    -4.508   
 -2.094 2.234   -2.099 2.409  
  0.066 2.160 -0.074   0.453 2.552 0.143 
Item 6 -3.958    -4.036   
 -1.404 2.554   -1.857 2.179  
  1.152 2.556 0.002   0.956 2.813 0.634 
Item 7 -7.245    -7.274   
 -4.712 2.533   -3.990 3.283  
  -0.309 4.403 1.870   0.357 4.347 1.064 
Item 8 -3.962    -4.286   
 -0.867 3.095   -1.829 2.458  
  1.738 2.605 -0.490   1.396 3.225 0.767 
Item 9 -5.490    -6.256   
 -3.423 2.067   -3.531 2.725  
  -0.102 3.321 1.254   0.370 3.901 1.176 
Mean* - 2.607 0.727   - 2.975 0.775 








Table 12    
Frequencies for Agreeableness Item 7 
 Frequency Percent 
Equal 
1 - Completely Disagree 13 1.6% 
2 - Moderately Disagree 64 7.9% 
3 - Moderately Agree 398 49.1% 
4 - Completely Agree 335 41.4% 
Unequal 
1 - Strongly Disagree 11 1.4% 
2 - Mostly Disagree 66 8.1% 
3 - Strongly Agree 451 55.7% 







Conscientiousness Threshold Estimates and Differences: Amazon 
Equal Amazon  Unequal Amazon 
 Threshold Difference 
Equidistance 
Index  Threshold Difference 
Equidistance 
Index 
Item 1 -6.020    -6.223   
 -4.009 2.011 
  -3.778 2.445  
  -0.418 3.591 1.580   0.249 4.027 1.582 
Item 2 -5.055    -5.184   
 -1.656 3.398 
  -2.329 2.855  
  1.045 2.702 -0.696   1.154 3.483 0.628 
Item 3 -6.367    -6.496   
 -4.824 1.543 
  -5.077 1.419  
  -1.218 3.606 2.063   -0.606 4.471 3.052 
Item 4 -4.433    -4.448   
 -1.752 2.681 
  -2.320 2.128  
  0.607 2.360 -0.321   0.694 3.015 0.887 
Item 5 -4.312    -4.978   
 -1.623 2.689 
  -2.315 2.663  
  0.811 2.434 -0.255   0.624 2.939 0.276 
Item 6 -6.716    -6.591   
 -3.759 2.956 
  -3.833 2.758  
  -0.022 3.737 0.781   0.454 4.288 1.530 
Item 7 -6.354    -6.388   
 -3.741 2.613 
  -3.516 2.873  
  0.154 3.895 1.282   0.818 4.334 1.461 
Item 8 -5.790    -6.073   
 -3.049 2.741 
  -3.289 2.784  
  0.513 3.563 0.822   1.031 4.320 1.536 
Item 9 -3.260    -3.744   
 -1.027 2.232 
  -1.728 2.016  
  1.724 2.752 0.520  1.633 3.360 1.344 
Mean* - 2.861 0.924   - 3.121 1.366 








Conscientiousness Threshold Estimates and Differences: Participant Pool 
 Equal Participant Pool  Unequal Participant Pool 
 Threshold Difference 
Equidistance 
Index 
 Threshold Difference 
Equidistance 
Index 
Item 1 -5.664    -4.682   
 -4.691 0.973 
  -4.070 0.612  
  -0.682 4.009 3.036   0.573 4.643 4.031 
Item 2 -3.623    -4.313   
 -0.479 3.144 
  -1.164 3.150  
  1.754 2.233 -0.911   2.482 3.646 0.496 
Item 3 -6.648    -5.044   
 -1.740 4.907 
  -0.546 4.498  
  - - -   - - - 
Item 4 -3.494    -4.002   
 -1.107 2.387 
  -1.862 2.140  
  1.193 2.299 -0.088   0.927 2.789 0.649 
Item 5 -4.666    -3.959   
 -0.703 3.963 
  -1.356 2.603  
  2.155 2.858 -1.105   2.322 3.678 1.075 
Item 6 -4.860    -6.091   
 -3.494 1.366 
  -2.643 3.448  
  0.373 3.867 2.501   1.059 3.702 0.254 
Item 7 -3.235    -3.068   
 0.490 3.724 
  1.490 4.558  
  - - -   - - - 
Item 8 -2.659    -2.652   
 0.226 2.885 
  1.145 3.797  
  - - -   - - - 
Item 9 -1.653    -2.130   
 0.875 2.528 
  0.142 2.272  
  3.633 2.758 0.230   3.860 3.718 1.446 
Mean* -  2.927 1.312   -  3.284 1.325 









Mindfulness Threshold Estimates and Differences: Amazon 
Equal Amazon  Unequal Amazon 
 Threshold Difference 
Equidistance 
Index 
 Threshold Difference 
Equidistance 
Index 
Item 1 -5.867    -5.606   
 -2.881 2.986 
  -2.591 3.015  
  1.721 4.602 1.616   2.092 4.683 1.668 
Item 2 -3.710    -4.139   
 -0.813 2.896 
  -0.834 3.305  
  1.752 2.565 -0.331   2.184 3.018 -0.287 
Item 3 -7.511    -7.118   
 -3.157 4.354 
  -3.263 3.855  
  1.958 5.115 0.761   2.499 5.762 1.907 
Item 4 -1.038    -1.307   
 1.505 2.543 
  1.627 2.934  
  3.214 1.709 -0.834   3.533 1.906 -1.028 
Item 5 -6.385    -5.605   
 -3.347 3.037 
  -2.910 2.695  
  1.235 4.583 1.546   1.459 4.369 1.674 
Item 6 -4.149    -4.381   
 -1.064 3.085 
  -1.027 3.355  
  2.093 3.157 0.072   2.215 3.241 -0.114 
Item 7 -6.678    -5.839   
 -2.796 3.882 
  -2.833 3.007  
  1.752 4.548 0.666   1.472 4.305 1.298 
Item 8 -5.109    -5.586   
 -1.565 3.544 
  -1.988 3.598  
  1.125 2.690 -0.854   1.353 3.340 -0.258 
Item 9 -6.915    -6.393   
 -2.703 4.212 
  -2.781 3.612  
  1.815 4.518 0.306   1.646 4.428 0.816 
Item 10 -2.530    -3.069   
 0.493 3.022 
  0.317 3.386  
  2.473 1.980 -1.042   2.751 2.434 -0.952 
Item 11 -4.875    -5.001   
 -2.018 2.857 
  -2.336 2.665  
  1.166 3.184 0.327   1.054 3.390 0.725 
Item 12 -2.555    -2.828   
 0.212 2.767 
  0.049 2.877  
  1.914 1.702 -1.065   2.041 1.992 -0.885 
Item 13 -3.936    -3.852   
 -1.713 2.222 
  -1.653 2.199  
  1.642 3.356 1.134   1.722 3.375 1.176 
Item 14 -5.917    -6.243   
 -1.581 4.335 
  -1.533 4.709  
  2.191 3.773 -0.562   2.708 4.241 -0.468 
Item 15 -6.344    -6.943   
 -1.821 4.523 
  -2.319 4.624  





Item 16 -3.646    -3.583   
 -1.273 2.373 
  -1.151 2.432  
  1.824 3.097 0.724   1.942 3.093 0.661 
Item 17 -2.902    -3.538   
 -0.307 2.595 
  -0.334 3.204  
  1.916 2.223 -0.372  2.095 2.429 -0.775 
Mean* - 3.280 0.779   - 3.407 0.880 








Mindfulness Threshold Estimates and Differences: Participant Pool 
Equal Participant Pool  Unequal Participant Pool 
 Threshold Difference 
Equidistance 
Index  Threshold Difference 
Equidistance 
Index 
Item 1 -4.95    -4.04   
 -1.749 3.201   -1.151 2.889  
  2.403 4.152 0.951   2.503 3.653 0.764 
Item 2 -2.294    -2.155   
 0.292 2.586   0.256 2.411  
  2.482 2.191 -0.395   2.709 2.453 0.042 
Item 3 -5.05    -4.668   
 -1.808 3.242   -1.612 3.055  
  2.151 3.959 0.717   2.251 3.863 0.808 
Item 4 -1.163    -1.196   
 1.866 3.029   2.2 3.395  
  3.953 2.086 -0.943   5.537 3.338 -0.057 
Item 5 -5.226    -5.361   
 -2.241 2.986   -2.107 3.253  
  1.159 3.399 0.413   1.385 3.492 0.239 
Item 6 -2.704    -3.112   
 0.33 3.034   -0.072 3.04  
  3.394 3.064 0.03   4.347 4.419 1.379 
Item 7 -5.646    -4.804   
 -0.509 5.137   -1.341 3.464  
  3.94 4.45 -0.687   3.385 4.726 1.262 
Item 8 -3.944    -4.462   
 -0.363 3.581   -1.295 3.167  
  2.128 2.491 -1.09   2.304 3.599 0.432 
Item 9 -6.463    -5.765   
 -0.806 5.657   -1.494 4.272  
  4.262 5.067 -0.59   3.411 4.905 0.633 
Item 10 -1.418    -2.086   
 1.686 3.104   1.222 3.307  
  3.521 1.835 -1.269   3.686 2.464 -0.843 
Item 11 -4.051    -3.989   
 -1.076 2.975   -1.565 2.424  
  2.384 3.461 0.486   2.004 3.569 1.145 
Item 12 -2.029    -1.933   
 0.811 2.84   0.76 2.693  
  2.421 1.609 -1.231   2.402 1.642 -1.051 
Item 13 -3.832    -3.6   
 -1.068 2.764   -0.651 2.949  
  1.971 3.039 0.275   2.251 2.901 -0.048 
Item 14 -5.044    -5.9   
 -0.373 4.671   -1.287 4.613  
  3.655 4.028 -0.643   3.591 4.878 0.265 
Item 15 -4.442    -6.058   
 -0.68 3.761   -1.563 4.495  





Item 16 -3.149    -3.307   
 -0.895 2.254   -0.659 2.647  
  2.208 3.103 0.849   2.108 2.767 0.12 
Item 17 -3.221    -3.177   
 -0.423 2.798   -0.532 2.645  
  2.785 3.207 0.409  2.382 2.913 0.268 
Mean* - 3.284 0.697   - 3.361 0.582 










Across-Version Threshold Differences: Agreeableness 
  Amazon  Participant Pool 







Item 1 Equal 1 2.807   2.955  
 Unequal 1 2.265 -0.542 
 3.044 0.089 
 Equal 2 2.370 
  2.864  
  Unequal 2 2.680 0.310   3.391 0.527 
Item 2 Equal 1 1.879   0.881  
 Unequal 1 2.176 0.297 
 2.186 1.305 
 Equal 2 3.997 
  3.475  
  Unequal 2 4.345 0.348   3.844 0.369 
Item 3 Equal 1 2.079   2.040  
 Unequal 1 1.768 -0.311 
 1.774 -0.266 
 Equal 2 2.144 
  2.198  
  Unequal 2 2.562 0.418   2.453 0.255 
Item 4 Equal 1 1.992   2.492  
 Unequal 1 2.424 0.432 
 3.738 1.246 
 Equal 2 2.981 
  2.500  
  Unequal 2 3.275 0.294   3.231 0.731 
Item 5 Equal 1 1.789   2.234  
 Unequal 1 1.855 0.066 
 2.409 0.175 
 Equal 2 2.613 
  2.160  
  Unequal 2 2.839 0.226   2.552 0.392 
Item 6 Equal 1 2.665   2.554  
 Unequal 1 2.377 -0.288 
 2.179 -0.375 
 Equal 2 2.056 
  2.556  
  Unequal 2 2.594 0.538   2.813 0.257 
Item 7 Equal 1 2.709   2.533  
 Unequal 1 2.988 0.279 
 3.283 0.750 
 Equal 2 4.707 
  4.403  
  Unequal 2 5.226 0.519   4.347 -0.056 
Item 8 Equal 1 2.922   3.095  
 Unequal 1 3.290 0.368 
 2.458 -0.637 
 Equal 2 2.591 
  2.605  
  Unequal 2 3.126 0.535   3.225 0.620 
Item 9 Equal 1 2.128   2.067  
 Unequal 1 2.455 0.327 
 2.725 0.658 
 Equal 2 3.784 
  3.321  
  Unequal 2 3.866 0.082   3.901 0.580 
 Means* - 0.343 
 - 0.516 
*Mean of the absolute value of the similarity indices. 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, 
for the equal data. Equal 2 is the difference between thresholds 2 and 3 for the item in 








Across-Version Threshold Differences: Conscientiousness 
  Amazon  Participant Pool 







Item 1 Equal 1 2.011   0.973  
 Unequal 1 2.445 0.434 
 0.612 -0.361 
 Equal 2 3.591 
  4.009  
  Unequal 2 4.027 0.436   4.643 0.634 
Item 2 Equal 1 3.398   3.144  
 Unequal 1 2.855 -0.543 
 3.150 0.006 
 Equal 2 2.702 
  2.233  
  Unequal 2 3.483 0.781   3.646 1.413 
Item 3 Equal 1 1.543   4.907  
 Unequal 1 1.419 -0.124 
 4.498 -0.409 
 Equal 2 3.606 
  -  
  Unequal 2 4.471 0.865   - - 
Item 4 Equal 1 2.681   2.387  
 Unequal 1 2.128 -0.553 
 2.140 -0.247 
 Equal 2 2.360 
  2.299  
  Unequal 2 3.015 0.655   2.789 0.490 
Item 5 Equal 1 2.689   3.963  
 Unequal 1 2.663 -0.026 
 2.603 -1.360 
 Equal 2 2.434 
  2.858  
  Unequal 2 2.939 0.505   3.678 0.820 
Item 6 Equal 1 2.956   1.366  
 Unequal 1 2.758 -0.198 
 3.448 2.082 
 Equal 2 3.737 
  3.867  
  Unequal 2 4.288 0.551   3.702 -0.165 
Item 7 Equal 1 2.613   3.724  
 Unequal 1 2.873 0.260 
 4.558 0.834 
 Equal 2 3.895 
  -  
  Unequal 2 4.334 0.439   - - 
Item 8 Equal 1 2.741   2.885  
 Unequal 1 2.784 0.043 
 3.797 0.912 
 Equal 2 3.563 
  -  
  Unequal 2 4.320 0.757   - - 
Item 9 Equal 1 2.232   2.528  
 Unequal 1 2.016 -0.216 
 2.272 -0.256 
 Equal 2 2.752 
  2.758  
  Unequal 2 3.360 0.608   3.718 0.960 
 Means* - 0.444 
 - 0.608 
*Mean of the absolute value of the similarity indices. 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for 
the equal data. Equal 2 is the difference between thresholds 2 and 3 for the item in 








Across-Version Threshold Differences: Mindfulness 
  Amazon  Participant Pool 







Item 1 Equal 1 2.986   3.201  
 Unequal 1 3.015 0.029 
 2.889 -0.312 
 Equal 2 4.602 
  4.152  
 Unequal 2 4.683 0.081   3.653 -0.499 
Item 2 Equal 1 2.896   2.586  
 Unequal 1 3.305 0.409 
 2.411 -0.175 
 Equal 2 2.565 
  2.191  
 Unequal 2 3.018 0.453   2.453 0.262 
Item 3 Equal 1 4.354   3.242  
 Unequal 1 3.855 -0.499 
 3.055 -0.187 
 Equal 2 5.115 
  3.959  
 Unequal 2 5.762 0.647   3.863 -0.096 
Item 4 Equal 1 2.543   3.029  
 Unequal 1 2.934 0.391 
 3.395 0.366 
 Equal 2 1.709 
  2.086  
 Unequal 2 1.906 0.197   3.338 1.252 
Item 5 Equal 1 3.037   2.986  
 Unequal 1 2.695 -0.342 
 3.253 0.267 
 Equal 2 4.583 
  3.399  
 Unequal 2 4.369 -0.214   3.492 0.093 
Item 6 Equal 1 3.085   3.034  
 Unequal 1 3.355 0.270 
 3.040 0.006 
 Equal 2 3.157 
  3.064  
 Unequal 2 3.241 0.084   4.419 1.355 
Item 7 Equal 1 3.882   5.137  
 Unequal 1 3.007 -0.875 
 3.464 -1.673 
 Equal 2 4.548 
  4.450  
 Unequal 2 4.305 -0.243   4.726 0.276 
Item 8 Equal 1 3.544   3.581  
 Unequal 1 3.598 0.054 
 3.167 -0.414 
 Equal 2 2.690 
  2.491  
 Unequal 2 3.340 0.650   3.599 1.108 
Item 9 Equal 1 4.212   5.657  
 Unequal 1 3.612 -0.600 
 4.272 -1.385 
 Equal 2 4.518 
  5.067  
 Unequal 2 4.428 -0.090 
 4.905 -0.162 
Item 10 Equal 1 3.022  
 3.104  
 Unequal 1 3.386 0.364 
 3.307 0.203 
 Equal 2 1.98  
 1.835  
 Unequal 2 2.434 0.454 
 2.464 0.629 
Item 11 Equal 1 2.857  
 2.975  
 Unequal 1 2.665 -0.192 
 2.424 -0.551 
 Equal 2 3.184  
 3.461  
 Unequal 2 3.39 0.206 
 3.569 0.108 





Item 12 Equal 1 2.767  
 2.84  
 Unequal 1 2.877 0.110 
 2.693 -0.147 
 Equal 2 1.702  
 1.609  
 Unequal 2 1.992 0.290 
 1.642 0.033 
Item 13 Equal 1 2.222  
 2.764  
 Unequal 1 2.199 -0.023 
 2.949 0.185 
 Equal 2 3.356  
 3.039  
 Unequal 2 3.375 0.019 
 2.901 -0.138 
Item 14 Equal 1 4.335  
 4.671  
 Unequal 1 4.709 0.374 
 4.613 -0.058 
 Equal 2 3.773  
 4.028  
 Unequal 2 4.241 0.468 
 4.878 0.850 
Item 15 Equal 1 4.523  
 3.761  
 Unequal 1 4.624 0.101 
 4.495 0.734 
 Equal 2 3.491  
 2.887  
 Unequal 2 4.349 0.858 
 3.957 1.070 
Item 16 Equal 1 2.373  
 2.254  
 Unequal 1 2.432 0.059 
 2.647 0.393 
 Equal 2 3.097  
 3.103  
 Unequal 2 3.093 -0.004 
 2.767 -0.336 
Item 17 Equal 1 2.595  
 2.798  
 Unequal 1 3.204 0.609 
 2.645 -0.153 
 Equal 2 2.223  
 3.207  
  Unequal 2 2.429 0.206   2.913 -0.294 
  Means* - 0.308   - 0.464 
*Mean of the absolute value of the similarity indices. 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the 
equal data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, 







Table 20  
Qualitative Codes from Think-Aloud Interviews 
Code Description # of Sources* 
1 Amount of Agreement 9 
2 Balance of Response Options 9 
3 Ignoring Option Labels 5 
4 Treating Responses as a Continuum 6 
5 Ignoring Labels because Confused 4 
6 Prefers Equal Options 3 
7 Response Option Spacing 4 
8 Response Options Influenced Answers 3 
9 Wanted a Neutral Option 4 
10 Amount of Agreement as Function of Time 9 
11 Choosing Middle Options because Confused 3 
12 Noticed Change in Response Scales 9 
13 Wanted Different or Additional Response Options 3 
14 Easier to Answer Items with "Sometimes" in Them 2 
15 Hard to Answer When Options Don't Match Feelings 2 
16 Opinion Questions Easier Than Behavior Questions 1 
17 Reconciling Quantities in Item and Response Options 4 













 Figure 1. Visual example of two Agree/Disagree Likert response scales represented 
on a continuum of agreement. 
 
 
Figure 2. Example operating characteristic curves for a 5-category item, with category 
boundary locations 𝑏𝑖1 = -1.5, 𝑏𝑖2 = -0.5, 𝑏𝑖3 = 0.5, and 𝑏𝑖4 = 1.5. The vertical lines 
indicate the value of θ at which a respondent has a .5 probability of responding at that 
category or higher – i.e., the category boundary locations. 
Strongly Disagree Disagree Agree Strongly Agree 
Completely Disagree 








Figure 3. Screenshot of the Agree/Disagree slider items used by respondents to assign 
percentages of agreement to the 17 response options (only the number that fit on the 







Figure 4. Example of an item in which it requires less change of attitude to transition 
from Strongly Agree to Mostly Disagree (unequal options) than to transition from 
Moderately Agree to Moderately Disagree (equal options); and more change of attitude 
to transition from Mostly Disagree to Strongly Disagree (unequal options) than to 
transition from Moderately Disagree to Completely Disagree (equal options). UT stands 
for unequal threshold; ET stands for equal threshold.  
UT1 UT2 UT3 







1. Tends to find fault with others*    
2. Is helpful and unselfish with others     
3. Starts quarrels with others*   
4. Has a forgiving nature 
5. Is generally trusting  
6. Can be cold and aloof* 
7. Is considerate and kind to almost everyone 
8. Is sometimes rude to others* 
9. Likes to cooperate with others 
 
Conscientiousness Scale 
1. Does a thorough job  
2. Can be somewhat careless*      
3. Is a reliable worker      
4. Tends to be disorganized*    
5. Tends to be lazy* 
6. Perseveres until the task is finished 
7. Does things efficiently 
8. Makes plans and follows through with them 
9. Is easily distracted* 
 
Mindfulness Scale (D = Describe Subscale, A = Accept Subscale) 
1. I’m good at finding the words to describe my feelings. (D) 
2. I criticize myself for having irrational or inappropriate emotions.* (A) 
3. I can easily put my beliefs, opinions, and expectations into words. (D) 
4. I tend to evaluate whether my perceptions are right or wrong.* (A) 
5. I’m good at thinking of words to express my perceptions, such as how things taste, 
smell, or sound. (D) 
6. I tell myself that I shouldn’t be feeling the way I’m feeling.* (A) 
7. It’s hard for me to find the words to describe what I’m thinking.* (D) 
8. I believe some of my thoughts are abnormal or bad and I shouldn’t think that way.* 
(A) 
9. I have trouble thinking of the right words to express how I feel about things.* (D) 
10. I make judgments about whether my thoughts are good or bad.* (A) 
11. When I have a sensation in my body, it’s difficult for me to describe it because I can’t 
find the right words.* (D) 
12. I tend to make judgments about how worthwhile or worthless my experiences are.* 
(A) 
13. Even when I’m feeling terribly upset, I can find a way to put it into words. (D) 
14. I tell myself that I shouldn’t be thinking the way I’m thinking.* (A) 
15. I think some of my emotions are bad or inappropriate and I shouldn’t feel them.* (A) 
16. My natural tendency is to put my experiences into words. (D) 
17. I disapprove of myself when I have irrational ideas.* (A) 







TITLE: MGCFA for Equal Agreeableness Data - Free; 
 
DATA: FILE IS TotalEqualData.dat; 
 
VARIABLE: 
    names are Seconds Finished Source M1-M17 A1-A9 C1-C9; 
    usevariables = A1-A9; 
    missing are all (-9); 
    categorical are all; 
 
    classes=c(2); 
    knownclass is c(source=1 source=2); 
    !(1=Amazon 2=PP) 
     
ANALYSIS:  
    estimator = ML; 
    type=mixture; 





   agree BY A1-A9*; 
   agree@1; 
   [agree@0]; 
       
 %c#1% 
   agree BY A1-A9*; 
   agree@1; 
   [agree@0]; 
 
   !naming the thresholds 
   [A1$1 - A9$3*]; 
 
 %c#2% 
   agree BY A1-A9*; 
   agree@1; 
   [agree@0]; 
 
   !naming the thresholds  







TITLE: MGCFA for Equal Agreeableness Data - Loadings Fixed; 
 
DATA: FILE IS TotalEqualData.dat; 
 
VARIABLE: 
    names are Seconds Finished Source M1-M17 A1-A9 C1-C9; 
    usevariables = A1-A9; 
    missing are all (-9); 
    categorical are all; 
 
    classes=c(2); 
    knownclass is c(source=1 source=2); 
     
ANALYSIS:  
    estimator = ML; 
    type=mixture; 





   agree BY a1-a9*; 
   agree@1; 
   [agree@0]; 
       
   %c#1% 
     agree by A1*(1); 
     agree by A2(2); 
     agree by A3(3); 
     agree by A4(4); 
     agree by A5(5); 
     agree by A6(6); 
     agree by A7(7); 
     agree by A8(8); 
     agree by A9(9); 
     agree@1; 
     [agree@0]; 
 
     !thresholds 
     [A1$1 - A9$3*]; 
 
   %c#2% 
     agree by A1*(1); 
     agree by A2(2); 
     agree by A3(3); 
     agree by A4(4); 
     agree by A5(5); 
     agree by A6(6); 
     agree by A7(7); 
     agree by A8(8); 
     agree by A9(9); 
     agree@1; 
     [agree@0]; 
 
   !thresholds  






TITLE: MGCFA for Equal Agreeableness Data - Thresholds Fixed; 
 
DATA: FILE IS TotalEqualData.dat; 
 
VARIABLE: 
    names are Seconds Finished Source M1-M17 A1-A9 C1-C9; 
    usevariables = A1-A9; 
    missing are all (-9); 
    categorical are all; 
 
    classes=c(2); 
    knownclass is c(source=1 source=2); 
     
ANALYSIS:  
    estimator = ML; 
    type=mixture; 





   agree BY a1-a9*; 
   agree@1; 
   [agree@0]; 
       
   %c#1% 
     agree by A1*(1); 
     agree by A2(2); 
     agree by A3(3); 
     agree by A4(4); 
     agree by A5(5); 
     agree by A6(6); 
     agree by A7(7); 
     agree by A8(8); 
     agree by A9(9); 
     agree@1; 
     [agree@0]; 
 
     !thresholds 
     [A1$1](10); 
     [A1$2](11); 
     [A1$3](12); 
     [A2$1](13); 
     [A2$2](14); 
     [A2$3](15); 
     [A3$1](16); 
     [A3$2](17); 
     [A3$3](18); 
     [A4$1](19); 
     [A4$2](20); 
     [A4$3](21); 
     [A5$1](22); 
     [A5$2](23); 
     [A5$3](24); 
     [A6$1](25); 
     [A6$2](26); 





     [A7$1](28); 
     [A7$2](29); 
     [A7$3](30); 
     [A8$1](31); 
     [A8$2](32); 
     [A8$3](33); 
     [A9$1](34); 
     [A9$2](35); 
     [A9$3](36); 
 
 
   %c#2% 
     agree by A1*(1); 
     agree by A2(2); 
     agree by A3(3); 
     agree by A4(4); 
     agree by A5(5); 
     agree by A6(6); 
     agree by A7(7); 
     agree by A8(8); 
     agree by A9(9); 
     agree@1; 
     [agree@0]; 
 
     !thresholds 
     [A1$1](10); 
     [A1$2](11); 
     [A1$3](12); 
     [A2$1](13); 
     [A2$2](14); 
     [A2$3](15); 
     [A3$1](16); 
     [A3$2](17); 
     [A3$3](18); 
     [A4$1](19); 
     [A4$2](20); 
     [A4$3](21); 
     [A5$1](22); 
     [A5$2](23); 
     [A5$3](24); 
     [A6$1](25); 
     [A6$2](26); 
     [A6$3](27); 
     [A7$1](28); 
     [A7$2](29); 
     [A7$3](30); 
     [A8$1](31); 
     [A8$2](32); 
     [A8$3](33); 
     [A9$1](34); 
     [A9$2](35); 








TITLE: Agreeableness GRM – Amazon Sample; 
 
DATA: FILE IS TotalData.dat; 
 
VARIABLE: 
    names are Seconds Finished Source M1-M17 A1-A9 C1-C9 Version; 
    usevariables = A1-A9; 
    missing are all (-9); 
    useobservations are source==1; 
    categorical are all; 
 
    classes=c(2); 
    knownclass is c(version=1 version=2); 
 
ANALYSIS:  
    estimator = ML; 
    type=mixture; 




   theta BY A1-A9*; 
   theta@1; 
   [theta@0]; 
       
 %c#1% 
     theta by A1*(1); 
     theta by A2(2); 
     theta by A3(3); 
     theta by A4(4); 
     theta by A5(5); 
     theta by A6(6); 
     theta by A7(7); 
     theta by A8(8); 
     theta by A9(9); 
   theta@1; 
   [theta@0]; 
 
   !naming the thresholds 
   [A1$1 - A9$3*] (t1-t27); 
 
 %c#2% 
     theta by A1*(1); 
     theta by A2(2); 
     theta by A3(3); 
     theta by A4(4); 
     theta by A5(5); 
     theta by A6(6); 
     theta by A7(7); 
     theta by A8(8); 
     theta by A9(9); 
   theta@1; 






   !naming the thresholds  
   [A1$1 - A9$3*] (t28-t54); 
 
MODEL CONSTRAINT: 
!!!!!!!! Within-item Threshold Difference Comparison !!!!!!!! 
!!!! EQUAL DATA !!!! 
   !Item 1 
   new(d1_1e); 
   d1_1e=t2-t1; 
 
   new(d1_2e); 
   d1_2e=t3-t2; 
 
   !Item 2 
   new(d2_1e); 
   d2_1e=t5-t4; 
 
   new(d2_2e); 
   d2_2e=t6-t5; 
 
   !Item 3 
   new(d3_1e); 
   d3_1e=t8-t7; 
 
   new(d3_2e); 
   d3_2e=t9-t8; 
 
   !Item 4 
   new(d4_1e); 
   d4_1e=t11-t10; 
 
   new(d4_2e); 
   d4_2e=t12-t11; 
 
   !Item 5 
   new(d5_1e); 
   d5_1e=t14-t13; 
 
   new(d5_2e); 
   d5_2e=t15-t14; 
 
   !Item 6 
   new(d6_1e); 
   d6_1e=t17-t16; 
 
   new(d6_2e); 
   d6_2e=t18-t17; 
 
   !Item 7 
   new(d7_1e); 
   d7_1e=t20-t19; 
 
   new(d7_2e); 
   d7_2e=t21-t20; 
 
   !Item 8 





   d8_1e=t23-t22; 
 
   new(d8_2e); 
   d8_2e=t24-t23; 
 
   !Item 9 
   new(d9_1e); 
   d9_1e=t26-t25; 
 
   new(d9_2e); 




!!!! UNEQUAL DATA !!!! 
   !Item 1 
   new(d1_1u); 
   d1_1u=t29-t28; 
 
   new(d1_2u); 
   d1_2u=t30-t29; 
 
   !Item 2 
   new(d2_1u); 
   d2_1u=t32-t31; 
 
   new(d2_2u); 
   d2_2u=t33-t32; 
 
   !Item 3 
   new(d3_1u); 
   d3_1u=t35-t34; 
 
   new(d3_2u); 
   d3_2u=t36-t35; 
 
   !Item 4 
   new(d4_1u); 
   d4_1u=t38-t37; 
 
   new(d4_2u); 
   d4_2u=t39-t38; 
 
   !Item 5 
   new(d5_1u); 
   d5_1u=t41-t40; 
 
   new(d5_2u); 
   d5_2u=t42-t41; 
 
   !Item 6 
   new(d6_1u); 
   d6_1u=t44-t43; 
 
   new(d6_2u); 






   !Item 7 
   new(d7_1u); 
   d7_1u=t47-t46; 
 
   new(d7_2u); 
   d7_2u=t48-t47; 
 
   !Item 8 
   new(d8_1u); 
   d8_1u=t50-t49; 
 
   new(d8_2u); 
   d8_2u=t51-t50; 
 
   !Item 9 
   new(d9_1u); 
   d9_1u=t53-t52; 
 
   new(d9_2u); 




!!!!!!!! Across Version Threshold Difference Comparison !!!!!!!! 
   !Item 1 
   ! Equal 
   new(de1_1); 
   de1_1=t2-t1; 
 
   new(de1_2); 
   de1_2=t3-t2; 
 
   !Unequal 
   new(du1_1); 
   du1_1=t29-t28; 
 
   new(du1_2); 
   du1_2=t30-t29; 
 
 
   !Item 2 
   ! Equal 
   new(de2_1); 
   de2_1=t5-t4; 
 
   new(de2_2); 
   de2_2=t6-t5; 
 
   !Unequal 
   new(du2_1); 
   du2_1=t32-t31; 
 
   new(du2_2); 
   du2_2=t33-t32; 
 
   !Item 3 





   new(de3_1); 
   de3_1=t8-t7; 
 
   new(de3_2); 
   de3_2=t9-t8; 
 
   !Unequal 
   new(du3_1); 
   du3_1=t35-t34; 
 
   new(du3_2); 
   du3_2=t36-t35; 
 
 
   !Item 4 
   ! Equal 
   new(de4_1); 
   de4_1=t11-t10; 
 
   new(de4_2); 
   de4_2=t12-t11; 
 
   !Unequal 
   new(du4_1); 
   du4_1=t38-t37; 
 
   new(du4_2); 
   du4_2=t39-t38; 
 
 
   !Item 5 
   ! Equal 
   new(de5_1); 
   de5_1=t14-t13; 
 
   new(de5_2); 
   de5_2=t15-t14; 
 
   !Unequal 
   new(du5_1); 
   du5_1=t41-t40; 
 
   new(du5_2); 
   du5_2=t42-t41; 
 
 
   !Item 6 
   ! Equal 
   new(de6_1); 
   de6_1=t17-t16; 
 
   new(de6_2); 
   de6_2=t18-t17; 
 
   !Unequal 
   new(du6_1); 






   new(du6_2); 
   du6_2=t45-t44; 
 
 
   !Item 7 
   ! Equal 
   new(de7_1); 
   de7_1=t20-t19; 
 
   new(de7_2); 
   de7_2=t21-t20; 
 
   !Unequal 
   new(du7_1); 
   du7_1=t47-t46; 
 
   new(du7_2); 
   du7_2=t48-t47; 
 
 
   !Item 8 
   ! Equal 
   new(de8_1); 
   de8_1=t23-t22; 
 
   new(de8_2); 
   de8_2=t24-t23; 
 
   !Unequal 
   new(du8_1); 
   du8_1=t50-t49; 
 
   new(du8_2); 
   du8_2=t51-t50; 
 
 
   !Item 9 
   ! Equal 
   new(de9_1); 
   de9_1=t26-t25; 
 
   new(de9_2); 
   de9_2=t27-t26; 
 
   !Unequal 
   new(du9_1); 
   du9_1=t53-t52; 
 
   new(du9_2); 




!!!!!!!! Within-item Threshold Difference Comparison !!!!!!!! 
!!!! EQUAL DATA !!!! 





   !d2_1e=d2_2e; 
   !d3_1e=d3_2e; 
   !d4_1e=d4_2e; 
   !d5_1e=d5_2e; 
   !d6_1e=d6_2e; 
   !d7_1e=d7_2e; 
   !d8_1e=d8_2e; 




!!!! UNEQUAL DATA !!!! 
   d1_1u=d1_2u; 
   d2_1u=d2_2u; 
   d3_1u=d3_2u; 
   d4_1u=d4_2u; 
   d5_1u=d5_2u; 
   d6_1u=d6_2u; 
   d7_1u=d7_2u; 
   d8_1u=d8_2u; 





!!!!!!!! Across Version Threshold Difference Comparison !!!!!!!! 
   !de1_1=du1_1; 
   !de1_2=du1_2; 
     
   !de2_1=du2_1; 
   !de2_2=du2_2;  
    
   !de3_1=du3_1; 
   !de3_2=du3_2; 
   
   !de4_1=du4_1; 
   !de4_2=du4_2; 
    
   !de5_1=du5_1; 
   !de5_2=du5_2; 
    
   !de6_1=du6_1; 
   !de6_2=du6_2; 
    
   !de7_1=du7_1; 
   !de7_2=du7_2; 
    
   !de8_1=du8_1; 
   !de8_2=du8_2; 
    
   !de9_1=du9_1; 







Think-Aloud Interview Script 
I’m going to ask you to complete a short questionnaire. As you are responding to each 
statement, I’d like you to think aloud. By that, I mean say all the things that go through 
your mind as you’re choosing your answer.  
 
Remember to talk out loud—say everything you’re thinking as you figure out your answer 
choices. You don’t have to write down your answers, because they’re not the focus of the 
study. I’m more interested in the process by which you reach your answers. Does that 
make sense?  
 
Now I’m going to turn on the recorder and we’ll move on to the questionnaire. 
 





[After the think-aloud portion of the interview is compete] 
 
Great, thank you! I’m sure that might have been an unusual process for you. Do you have 
any comments or general feedback for me? 
 
We’re almost done, but before we finish I’d like to ask you a few questions. And I’ll keep 
the recorder on if that’s OK, so I don’t forget your answer. 
 
 Were there any of these that you found confusing or difficult to process? Which 
one(s)? Why? 
 Did you notice that the response options were different on the two surveys? If you 
did notice, do you think your answers would have been different if both response 
option sets had been the same? If you didn’t notice, what do you think about the 
differences now that I’ve pointed it out?  
 Some people pay attention to the actual wording of response options and some 
people think of them more like a continuum – that is, they figure out which end is 
agree and which is disagree and then ignore the actual labels. Which do you do? 
 
Thank you very much. Do you have any questions about anything? 
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Agreeableness Loadings (Fixed 
Across Versions): Amazon 
  Loading SE 
Item 1 1.397 0.076 
Item 2 1.775 0.095 
Item 3 1.340 0.086 
Item 4 1.796 0.093 
Item 5 1.396 0.076 
Item 6 1.679 0.086 
Item 7 2.591 0.147 
Item 8 1.845 0.097 
Item 9 1.609 0.089 
 
Table S1.2 
Equal Agreeableness Threshold Estimates and Differences: Amazon 
  








Item 1 -3.508 0.177       
 -0.700 0.097 2.807 0.168 
    
 1.670 0.113 2.370 0.118 4.401 1 0.036 0.437 
Item 2 -4.737 0.251       
 -2.857 0.156 1.879 0.209 
    
 1.140 0.115 3.997 0.178 57.437 1 <.001 2.118 
Item 3 -4.940 0.301       
 -2.861 0.149 2.079 0.270 
    
 -0.718 0.098 2.144 0.134 0.045 1 0.833 0.065 
Item 4 -3.930 0.199       
 -1.938 0.129 1.992 0.167 
    
 1.043 0.113 2.981 0.143 19.532 1 <.001 0.989 
Item 5 -3.142 0.159       
 -1.353 0.106 1.789 0.137 
    
 1.260 0.105 2.613 0.122 19.149 1 <.001 0.824 
Item 6 -3.631 0.181       
 -0.967 0.108 2.665 0.167 
    
 1.090 0.110 2.056 0.113 8.777 1 0.003 0.609 
Item 7 -6.773 0.408       
 -4.064 0.234 2.709 0.334 
    
 0.642 0.137 4.707 0.248 23.553 1 <.001 1.998 
Item 8 -4.745 0.251       
 -1.823 0.128 2.922 0.228 
    
 0.768 0.112 2.591 0.133 1.545 1 0.214 0.331 
Item 9 -5.181 0.304       
 -3.054 0.161 2.128 0.270 
    







Agreeableness Loadings (Fixed 
Across Versions): Participant 
Pool   
  Loading SE 
Item 1 1.088 0.136 
Item 2 1.031 0.139 
Item 3 0.792 0.130 
Item 4 1.190 0.147 
Item 5 0.995 0.135 
Item 6 1.331 0.153 
Item 7 1.958 0.242 
Item 8 1.319 0.152 
Item 9 1.300 0.165 
 
Table S2.2 
Equal Agreeableness Threshold Estimates and Differences: Participant Pool 
  





Item 1 -3.768 0.370       
 -0.814 0.167 2.955 0.356 
    
 2.051 0.216 2.864 0.239 0.044 1 0.834 0.091 
Item 2 -3.940 0.406       
 -3.059 0.289 0.881 0.296 
    
 0.416 0.159 3.475 0.300 36.748 1 <.001 2.594 
Item 3 -4.399 0.516       
 -2.359 0.228 2.040 0.475 
    
 -0.161 0.146 2.198 0.221 0.088 1 0.767 0.158 
Item 4 -4.723 0.536       
 -2.230 0.228 2.492 0.499 
    
 0.270 0.165 2.500 0.231 0.000 1 0.989 0.008 
Item 5 -4.328 0.474       
 -2.094 0.214 2.234 0.438 
    
 0.066 0.154 2.160 0.210 0.022 1 0.881 0.074 
Item 6 -3.958 0.388       
 -1.404 0.195 2.554 0.357 
    
 1.152 0.188 2.556 0.226 0.000 1 0.997 0.002 
Item 7 -7.245 1.108       
 -4.712 0.494 2.533 1.003 
    
 -0.309 0.210 4.403 0.482 2.769 1 0.096 1.870 
Item 8 -3.962 0.387       
 -0.867 0.179 3.095 0.369 
    
 1.738 0.210 2.605 0.232 1.273 1 0.259 0.490 
Item 9 -5.490 0.736       
 -3.423 0.329 2.067 0.669 
    







Unequal Agreeableness Threshold Estimates and Differences: Amazon 
  





Item 1 -3.379 0.169       
 -1.114 0.102 2.265 0.154 
    
 1.566 0.111 2.680 0.125 4.240 1 0.040 0.415 
Item 2 -4.961 0.271       
 -2.785 0.154 2.176 0.234 
    
 1.561 0.122 4.345 0.187 51.460 1 <.001 2.169 
Item 3 -4.959 0.311       
 -3.191 0.164 1.768 0.273 
    
 -0.629 0.097 2.562 0.153 6.169 1 0.013 0.794 
Item 4 -4.240 0.217       
 -1.816 0.126 2.424 0.192 
    
 1.459 0.120 3.275 0.150 12.055 1 0.001 0.851 
Item 5 -2.966 0.151       
 -1.110 0.102 1.855 0.133 
    
 1.729 0.113 2.839 0.129 27.118 1 <.001 0.984 
Item 6 -3.523 0.176       
 -1.146 0.111 2.377 0.158 
    
 1.447 0.116 2.594 0.129 1.107 1 0.293 0.217 
Item 7 -7.047 0.440       
 -4.059 0.234 2.988 0.371 
    
 1.167 0.144 5.226 0.265 25.111 1 <.001 2.238 
Item 8 -5.456 0.313       
 -2.166 0.136 3.290 0.291 
    
 0.960 0.114 3.126 0.150 0.250 1 0.617 0.164 
Item 9 -5.177 0.307       
 -2.722 0.148 2.455 0.279 
    








Unequal Agreeableness Threshold Estimates and Differences: Participant Pool 
  





Item 1 -4.213 0.441       
 -1.169 0.179 3.044 0.422 
    
 2.222 0.228 3.391 0.269 0.477 1 0.490 0.347 
Item 2 -4.914 0.603       
 -2.728 0.262 2.186 0.555 
    
 1.116 0.176 3.844 0.300 6.729 1 0.010 1.658 
Item 3 -4.629 0.590       
 -2.855 0.275 1.774 0.533 
    
 -0.402 0.150 2.453 0.265 1.268 1 0.260 0.679 
Item 4 -6.164 1.021       
 -2.426 0.243 3.738 0.999 
    
 0.805 0.175 3.231 0.269 0.238 1 0.626 0.507 
Item 5 -4.508 0.523       
 -2.099 0.216 2.409 0.490 
    
 0.453 0.159 2.552 0.225 0.069 1 0.793 0.143 
Item 6 -4.036 0.392       
 -1.857 0.216 2.179 0.348 
    
 0.956 0.185 2.813 0.246 2.159 1 0.142 0.634 
Item 7 -7.274 1.107       
 -3.990 0.419 3.283 1.027 
    
 0.357 0.212 4.347 0.437 0.910 1 0.340 1.064 
Item 8 -4.286 0.432       
 -1.829 0.215 2.458 0.394 
    
 1.396 0.198 3.225 0.265 2.580 1 0.108 0.767 
Item 9 -6.256 1.025       
 -3.531 0.341 2.725 0.976 
    








Conscientiousness Loadings (Fixed 
Across Versions): Amazon 
  Loading SE 
Item 1 2.180 0.117 
Item 2 2.037 0.101 
Item 3 2.113 0.125 
Item 4 2.150 0.107 
Item 5 2.312 0.114 
Item 6 2.275 0.122 
Item 7 1.940 0.104 
Item 8 1.997 0.104 
Item 9 1.887 0.091 
 
Table S5.2 
Equal Conscientiousness Threshold Estimates and Differences: Amazon 
  





Item 1 -6.020 0.343       
 -4.009 0.208 2.011 0.285 
    
 -0.418 0.122 3.591 0.196 19.788 1 <.001 1.580 
Item 2 -5.055 0.262       
 -1.656 0.129 3.398 0.241 
    
 1.045 0.121 2.702 0.139 6.231 1 0.013 0.696 
Item 3 -6.367 0.401       
 -4.824 0.259 1.543 0.320 
    
 -1.218 0.130 3.606 0.233 25.546 1 <.001 2.063 
Item 4 -4.433 0.221       
 -1.752 0.134 2.681 0.192 
    
 0.607 0.121 2.360 0.132 1.853 1 0.173 0.321 
Item 5 -4.312 0.215       
 -1.623 0.137 2.689 0.184 
    
 0.811 0.127 2.434 0.137 1.218 1 0.270 0.255 
Item 6 -6.716 0.423       
 -3.759 0.199 2.956 0.380 
    
 -0.022 0.124 3.737 0.195 3.273 1 0.070 0.781 
Item 7 -6.354 0.423       
 -3.741 0.192 2.613 0.387 
    
 0.154 0.112 3.895 0.193 8.488 1 0.004 1.282 
Item 8 -5.790 0.339       
 -3.049 0.164 2.741 0.307 
    
 0.513 0.115 3.563 0.171 5.324 1 0.021 0.822 
Item 9 -3.260 0.163       
 -1.027 0.115 2.232 0.142 
    







(Fixed Across Versions): 
Participant Pool 
  Loading SE 
Item 1 1.372 0.170 
Item 2 1.181 0.139 
Item 3 1.627 0.216 
Item 4 1.406 0.152 
Item 5 1.560 0.165 
Item 6 1.096 0.142 
Item 7 1.786 0.205 
Item 8 1.112 0.143 
Item 9 1.210 0.138 
 
Table S6.2 
Equal Conscientiousness Threshold Estimates and Differences: Participant Pool 
  








Item 1 -5.664 0.749       
 -4.691 0.505 0.973 0.569 
    
 -0.682 0.183 4.009 0.493 15.752 1.000 0.000 3.036 
Item 2 -3.623 0.348       
 -0.479 0.167 3.144 0.340 
    
 1.754 0.204 2.233 0.211 5.136 1.000 0.023 0.911 
Item 3 -6.648 1.061       
 -1.740 0.240 4.907 1.034 
    
 - - - - - - - 
 
Item 4 -3.494 0.325       
 -1.107 0.191 2.387 0.296 
    
 1.193 0.194 2.299 0.218 0.056 1.000 0.814 0.088 
Item 5 -4.666 0.481       
 -0.703 0.190 3.963 0.470 
    
 2.155 0.242 2.858 0.262 4.395 1.000 0.036 1.105 
Item 6 -4.860 0.599       
 -3.494 0.340 1.366 0.505 
    
 0.373 0.163 3.867 0.351 16.101 1.000 0.000 2.501 
Item 7 -3.235 0.328       
 0.490 0.202 3.724 0.348 
    
 - - - - - - - 
 
Item 8 -2.659 0.257       
 0.226 0.163 2.885 0.262 
    
 - - - - - - - 
 
Item 9 -1.653 0.199       
 0.875 0.175 2.528 0.219 
    






Unequal Conscientiousness Threshold Estimates and Differences: Amazon 
  








Item 1 -6.223 0.378       
 -3.778 0.200 2.445 0.330 
    
 0.249 0.123 4.027 0.202 16.102 1 0.000 1.582 
Item 2 -5.184 0.274       
 -2.329 0.145 2.855 0.245 
    
 1.154 0.125 3.483 0.164 4.466 1 0.035 0.628 
Item 3 -6.496 0.437       
 -5.077 0.280 1.419 0.349 
    
 -0.606 0.123 4.471 0.267 46.036 1 <.001 3.052 
Item 4 -4.448 0.224       
 -2.320 0.148 2.128 0.183 
    
 0.694 0.124 3.015 0.153 13.291 1 0.000 0.887 
Item 5 -4.978 0.253       
 -2.315 0.152 2.663 0.215 
    
 0.624 0.129 2.939 0.155 1.062 1 0.303 0.276 
Item 6 -6.591 0.419       
 -3.833 0.205 2.758 0.375 
    
 0.454 0.127 4.288 0.212 12.277 1 0.001 1.530 
Item 7 -6.388 0.446       
 -3.516 0.184 2.873 0.416 
    
 0.818 0.118 4.334 0.199 9.804 1 0.002 1.461 
Item 8 -6.073 0.382       
 -3.289 0.175 2.784 0.349 
    
 1.031 0.122 4.320 0.196 14.401 1 0.000 1.536 
Item 9 -3.744 0.185       
 -1.728 0.126 2.016 0.155 
    







Unequal Conscientiousness Threshold Estimates and Differences: Participant Pool 
  








Item 1 -4.682 0.503       
 -4.070 0.403 0.612 0.308 
    
 0.573 0.180 4.643 0.423 58.486 1.000 <.001 4.031 
Item 2 -4.313 0.448       
 -1.164 0.182 3.150 0.429 
    
 2.482 0.245 3.646 0.285 0.928 1.000 0.336 0.496 
Item 3 -5.044 0.555       
 -0.546 0.195 4.498 0.540 
    
 - - - - - - - - 
Item 4 -4.002 0.383       
 -1.862 0.218 2.140 0.337 
    
 0.927 0.185 2.789 0.243 2.370 1.000 0.124 0.649 
Item 5 -3.959 0.375       
 -1.356 0.208 2.603 0.339 
    
 2.322 0.248 3.678 0.302 5.814 1.000 0.016 1.075 
Item 6 -6.091 1.018       
 -2.643 0.256 3.448 0.993 
    
 1.059 0.175 3.702 0.291 0.060 1.000 0.807 0.254 
Item 7 -3.068 0.318       
 1.490 0.228 4.558 0.391 
    
 - - - - - - - - 
Item 8 -2.652 0.257       
 1.145 0.178 3.797 0.296 
    
 - - - - - - - - 
Item 9 -2.130 0.222       
 0.142 0.165 2.272 0.221 
    








Mindfulness Loadings (Fixed Across 
Versions): Amazon 












Item 1 3.123 0.146 
Item 3 3.518 0.172 
Item 5 2.695 0.126 
Item 7 3.556 0.170 
Item 9 3.929 0.193 
Item 11 2.279 0.104 
Item 13 2.076 0.093 













Item 2 2.528 0.111 
Item 4 0.529 0.056 
Item 6 2.721 0.119 
Item 8 3.256 0.151 
Item 10 1.805 0.083 
Item 12 1.349 0.069 
Item 14 3.738 0.176 
Item 15 4.282 0.219 








Equal Mindfulness Threshold Estimates and Differences: Amazon 
  








Item 1 -5.867 0.298       
 -2.881 0.193 2.986 0.237 
    
 1.721 0.172 4.602 0.227 25.397 1 <.001 1.616 
Item 2 -3.710 0.190       
 -0.813 0.134 2.896 0.169 
    
 1.752 0.147 2.565 0.143 2.172 1 0.141 0.331 
Item 3 -7.511 0.414       
 -3.157 0.217 4.354 0.347 
    
 1.958 0.192 5.115 0.259 3.565 1 0.059 0.761 
Item 4 -1.038 0.084       
 1.505 0.095 2.543 0.107 
    
 3.214 0.178 1.709 0.162 17.531 1 <.001 0.834 
Item 5 -6.385 0.340       
 -3.347 0.192 3.037 0.291 
    
 1.235 0.150 4.583 0.214 18.324 1 <.001 1.546 
Item 6 -4.149 0.209       
 -1.064 0.143 3.085 0.183 
    
 2.093 0.161 3.157 0.166 0.084 1 0.773 0.072 
Item 7 -6.678 0.347       
 -2.796 0.205 3.882 0.283 
    
 1.752 0.189 4.548 0.236 3.607 1 0.058 0.666 
Item 8 -5.109 0.263       
 -1.565 0.168 3.544 0.224 
    
 1.125 0.164 2.690 0.160 9.672 1 0.002 0.854 
Item 9 -6.915 0.362       
 -2.703 0.218 4.212 0.291 
    
 1.815 0.205 4.518 0.248 0.732 1 0.392 0.306 
Item 10 -2.530 0.138       
 0.493 0.109 3.022 0.141 
    
 2.473 0.144 1.980 0.131 27.921 1 <.001 1.042 
Item 11 -4.875 0.241       
 -2.018 0.144 2.857 0.211 
    
 1.166 0.134 3.184 0.158 1.501 1 0.221 0.327 
Item 12 -2.555 0.133       
 0.212 0.094 2.767 0.133 
    
 1.914 0.118 1.702 0.107 36.342 1 <.001 1.065 
Item 13 -3.936 0.190       
 -1.713 0.130 2.222 0.159 
    
 1.642 0.134 3.356 0.157 24.818 1 <.001 1.134 
Item 14 -5.917 0.313       
 -1.581 0.186 4.335 0.269 
    
 2.191 0.199 3.773 0.209 3.049 1 0.081 0.562 
Item 15 -6.344 0.353       
 -1.821 0.211 4.523 0.291 
    
 1.671 0.210 3.491 0.216 9.454 1 0.002 1.032 





Item 16 -3.646 0.180       
 -1.273 0.118 2.373 0.159 
    
 1.824 0.131 3.097 0.147 10.842 1 0.001 0.724 
Item 17 -2.902 0.152       
 -0.307 0.113 2.595 0.141 
    








Mindfulness Loadings (Fixed Across 
Versions): Participant Pool 












Item 1 1.952 0.178 
Item 3 1.947 0.177 
Item 5 1.238 0.135 
Item 7 2.949 0.279 
Item 9 3.375 0.344 
Item 11 1.515 0.145 
Item 13 1.631 0.149 













Item 2 1.429 0.135 
Item 4 0.425 0.104 
Item 6 2.150 0.191 
Item 8 2.636 0.237 
Item 10 1.013 0.121 
Item 12 1.043 0.117 
Item 14 3.277 0.309 
Item 15 2.682 0.242 








Equal Mindfulness Threshold Estimates and Differences: Participant Pool 
  








Item 1 -4.950 0.495       
 -1.749 0.237 3.201 0.458 
    
 2.403 0.267 4.152 0.327 2.962 1.000 0.085 0.951 
Item 2 -2.294 0.235       
 0.292 0.175 2.586 0.237 
    
 2.482 0.242 2.191 0.227 1.386 1.000 0.239 0.395 
Item 3 -5.050 0.499       
 -1.808 0.240 3.242 0.462 
    
 2.151 0.252 3.959 0.314 1.698 1.000 0.193 0.717 
Item 4 -1.163 0.155       
 1.866 0.190 3.029 0.218 
    
 3.953 0.455 2.086 0.425 3.758 1.000 0.053 0.943 
Item 5 -5.226 0.629       
 -2.241 0.230 2.986 0.602 
    
 1.159 0.181 3.399 0.263 0.388 1.000 0.533 0.413 
Item 6 -2.704 0.290       
 0.330 0.216 3.034 0.290 
    
 3.394 0.327 3.064 0.310 0.005 1.000 0.943 0.030 
Item 7 -5.646 0.588       
 -0.509 0.269 5.137 0.572 
    
 3.940 0.417 4.450 0.429 1.205 1.000 0.272 0.687 
Item 8 -3.944 0.403       
 -0.363 0.246 3.581 0.385 
    
 2.128 0.283 2.491 0.264 5.844 1.000 0.016 1.090 
Item 9 -6.463 0.705       
 -0.806 0.303 5.657 0.670 
    
 4.262 0.480 5.067 0.511 0.720 1.000 0.396 0.590 
Item 10 -1.418 0.181       
 1.686 0.191 3.104 0.230 
    
 3.521 0.344 1.835 0.309 10.264 1.000 0.001 1.269 
Item 11 -4.051 0.386       
 -1.076 0.192 2.975 0.367 
    
 2.384 0.244 3.461 0.274 1.133 1.000 0.287 0.486 
Item 12 -2.029 0.211       
 0.811 0.163 2.840 0.227 
    
 2.421 0.233 1.609 0.203 15.257 1.000 0.000 1.231 
Item 13 -3.832 0.361       
 -1.068 0.197 2.764 0.338 
    
 1.971 0.227 3.039 0.251 0.421 1.000 0.517 0.275 
Item 14 -5.044 0.530       
 -0.373 0.289 4.671 0.511 
    
 3.655 0.411 4.028 0.408 1.246 1.000 0.264 0.643 
Item 15 -4.442 0.445       
 -0.680 0.252 3.761 0.419 
    
 2.206 0.293 2.887 0.289 3.236 1.000 0.072 0.874 





         
Item 16 -3.149 0.294       
 -0.895 0.181 2.254 0.271 
    
 2.208 0.229 3.103 0.251 5.124 1.000 0.024 0.849 
Item 17 -3.221 0.305       
 -0.423 0.182 2.798 0.294 
    








Unequal Mindfulness Threshold Estimates and Differences: Amazon 
  








Item 1 -5.606 0.284       
 -2.591 0.183 3.015 0.230 
    
 2.092 0.171 4.683 0.221 29.068 1.000 <.001 1.668 
Item 2 -4.139 0.205       
 -0.834 0.133 3.305 0.189 
    
 2.184 0.152 3.018 0.155 1.392 1.000 0.238 0.287 
Item 3 -7.118 0.382       
 -3.263 0.218 3.855 0.313 
    
 2.499 0.195 5.762 0.275 23.880 1.000 <.001 1.907 
Item 4 -1.307 0.088       
 1.627 0.097 2.934 0.114 
    
 3.533 0.202 1.906 0.187 21.075 1.000 <.001 1.028 
Item 5 -5.605 0.287       
 -2.910 0.176 2.695 0.240 
    
 1.459 0.146 4.369 0.199 28.813 1.000 <.001 1.674 
Item 6 -4.381 0.217       
 -1.027 0.141 3.355 0.195 
    
 2.215 0.159 3.241 0.166 0.202 1.000 0.653 0.114 
Item 7 -5.839 0.295       
 -2.833 0.202 3.007 0.227 
    
 1.472 0.176 4.305 0.220 17.535 1.000 <.001 1.298 
Item 8 -5.586 0.283       
 -1.988 0.174 3.598 0.238 
    
 1.353 0.164 3.340 0.181 0.782 1.000 0.377 0.258 
Item 9 -6.393 0.332       
 -2.781 0.214 3.612 0.258 
    
 1.646 0.193 4.428 0.235 6.054 1.000 0.014 0.816 
Item 10 -3.069 0.154       
 0.317 0.106 3.386 0.157 
    
 2.751 0.149 2.434 0.141 20.031 1.000 <.001 0.952 
Item 11 -5.001 0.250       
 -2.336 0.147 2.665 0.218 
    
 1.054 0.127 3.390 0.157 7.013 1.000 0.008 0.725 
Item 12 -2.828 0.141       
 0.049 0.092 2.877 0.141 
    
 2.041 0.118 1.992 0.112 22.935 1.000 <.001 0.885 
Item 13 -3.852 0.186       
 -1.653 0.126 2.199 0.158 
    
 1.722 0.130 3.375 0.150 27.895 1.000 <.001 1.176 
Item 14 -6.243 0.323       
 -1.533 0.185 4.709 0.284 
    
 2.708 0.206 4.241 0.225 1.991 1.000 0.158 0.468 
Item 15 -6.943 0.381       
 -2.319 0.221 4.624 0.310 
    
 2.029 0.213 4.349 0.247 0.594 1.000 0.441 0.275 





Item 16 -3.583 0.175       
 -1.151 0.114 2.432 0.157 
    
 1.942 0.128 3.093 0.141 9.482 1.000 0.002 0.661 
Item 17 -3.538 0.174       
 -0.334 0.112 3.204 0.168 
    








Unequal Mindfulness Threshold Estimates and Differences: Participant Pool 
  








Item 1 -4.040 0.371       
 -1.151 0.220 2.889 0.336 
    
 2.503 0.272 3.653 0.309 2.889 1.000 0.089 0.764 
Item 2 -2.155 0.226       
 0.256 0.177 2.411 0.225 
    
 2.709 0.263 2.453 0.254 0.015 1.000 0.904 0.042 
Item 3 -4.668 0.443       
 -1.612 0.234 3.055 0.404 
    
 2.251 0.259 3.863 0.314 2.542 1.000 0.111 0.808 
Item 4 -1.196 0.158       
 2.200 0.217 3.395 0.244 
    
 5.537 1.003 3.338 0.985 0.003 1.000 0.955 0.057 
Item 5 -5.361 0.727       
 -2.107 0.221 3.253 0.706 
    
 1.385 0.191 3.492 0.263 0.099 1.000 0.753 0.239 
Item 6 -3.112 0.306       
 -0.072 0.222 3.040 0.295 
    
 4.347 0.414 4.419 0.427 7.699 1.000 0.006 1.379 
Item 7 -4.804 0.476       
 -1.341 0.290 3.464 0.411 
    
 3.385 0.385 4.726 0.442 5.265 1.000 0.022 1.262 
Item 8 -4.462 0.426       
 -1.295 0.268 3.167 0.372 
    
 2.304 0.304 3.599 0.344 0.787 1.000 0.375 0.432 
Item 9 -5.765 0.598       
 -1.494 0.326 4.272 0.516 
    
 3.411 0.422 4.905 0.495 1.055 1.000 0.304 0.633 
Item 10 -2.086 0.213       
 1.222 0.176 3.307 0.248 
    
 3.686 0.366 2.464 0.346 3.804 1.000 0.051 0.843 
Item 11 -3.989 0.377       
 -1.565 0.208 2.424 0.344 
    
 2.004 0.228 3.569 0.276 6.535 1.000 0.011 1.145 
Item 12 -1.933 0.203       
 0.760 0.165 2.693 0.220 
    
 2.402 0.234 1.642 0.209 11.259 1.000 0.001 1.051 
Item 13 -3.600 0.331       
 -0.651 0.191 2.949 0.316 
    
 2.251 0.242 2.901 0.254 0.014 1.000 0.907 0.048 
Item 14 -5.900 0.595       
 -1.287 0.313 4.613 0.532 
    
 3.591 0.421 4.878 0.482 0.179 1.000 0.672 0.265 
Item 15 -6.058 0.610       
 -1.563 0.279 4.495 0.560 
    
 2.394 0.312 3.957 0.369 0.730 1.000 0.393 0.538 





         
Item 16 -3.307 0.306       
 -0.659 0.178 2.647 0.292 
    
 2.108 0.226 2.767 0.239 0.098 1.000 0.754 0.120 
Item 17 -3.177 0.294       
 -0.532 0.186 2.645 0.279 
    
  2.382 0.246 2.913 0.259 0.484 1.000 0.487 0.268 






Across-Version Agreeableness Threshold Differences: Amazon 
    Difference SE of Diff Wald df p 
Similarity 
Index 
Item 1 Equal 1 2.807 0.168    
 
 Unequal 1 2.265 0.154 6.015 1 0.014 0.542 
 Equal 2 2.370 0.118    
 
  Unequal 2 2.680 0.125 3.826 1 0.051 0.310 
Item 2 Equal 1 1.879 0.209    
 
 Unequal 1 2.176 0.234 0.912 1 0.340 0.297 
 Equal 2 3.997 0.178    
 
  Unequal 2 4.345 0.187 2.637 1 0.104 0.348 
Item 3 Equal 1 2.079 0.270    
 
 Unequal 1 1.768 0.273 0.656 1 0.418 0.311 
 Equal 2 2.144 0.134    
 
  Unequal 2 2.562 0.153 4.567 1 0.033 0.418 
Item 4 Equal 1 1.992 0.167    
 
 Unequal 1 2.424 0.192 3.071 1 0.080 0.432 
 Equal 2 2.981 0.143    
 
  Unequal 2 3.275 0.150 2.629 1 0.105 0.294 
Item 5 Equal 1 1.789 0.137    
 
 Unequal 1 1.855 0.133 0.127 1 0.721 0.066 
 Equal 2 2.613 0.122    
 
  Unequal 2 2.839 0.129 1.944 1 0.163 0.226 
Item 6 Equal 1 2.665 0.167    
 
 Unequal 1 2.377 0.158 1.707 1 0.191 0.288 
 Equal 2 2.056 0.113    
 
  Unequal 2 2.594 0.129 11.701 1 0.001 0.538 
Item 7 Equal 1 2.709 0.334    
 
 Unequal 1 2.988 0.371 0.331 1 0.565 0.279 
 Equal 2 4.707 0.248    
 
  Unequal 2 5.226 0.265 3.743 1 0.053 0.519 
Item 8 Equal 1 2.922 0.228    
 
 Unequal 1 3.290 0.291 1.043 1 0.307 0.368 
 Equal 2 2.591 0.133    
 
  Unequal 2 3.126 0.150 9.073 1 0.003 0.535 
Item 9 Equal 1 2.128 0.270    
 
 Unequal 1 2.455 0.279 0.723 1 0.395 0.327 
 Equal 2 3.784 0.174    
 
  Unequal 2 3.866 0.169 0.154 1 0.695 0.082 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the equal 
data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, for the unequal 








Across-Version Agreeableness Threshold Differences: Participant Pool 
    Difference SE of Diff Wald df p Similarity Index 
Item 1 Equal 1 2.955 0.356    
 
 Unequal 1 3.044 0.422 0.027 1 0.870 0.089 
 Equal 2 2.864 0.239    
 
  Unequal 2 3.391 0.269 2.632 1 0.105 0.527 
Item 2 Equal 1 0.881 0.296    
 
 Unequal 1 2.186 0.555 4.309 1 0.038 1.305 
 Equal 2 3.475 0.300    
 
  Unequal 2 3.844 0.300 0.886 1 0.347 0.369 
Item 3 Equal 1 2.040 0.475    
 
 Unequal 1 1.774 0.533 0.140 1 0.709 0.266 
 Equal 2 2.198 0.221    
 
  Unequal 2 2.453 0.265 0.569 1 0.451 0.255 
Item 4 Equal 1 2.492 0.499    
 
 Unequal 1 3.738 0.999 1.249 1 0.264 1.246 
 Equal 2 2.500 0.231    
 
  Unequal 2 3.231 0.269 5.072 1 0.024 0.731 
Item 5 Equal 1 2.234 0.438    
 
 Unequal 1 2.409 0.490 0.071 1 0.789 0.175 
 Equal 2 2.160 0.210    
 
  Unequal 2 2.552 0.225 1.819 1 0.178 0.392 
Item 6 Equal 1 2.554 0.357    
 
 Unequal 1 2.179 0.348 0.585 1 0.444 0.375 
 Equal 2 2.556 0.226    
 
  Unequal 2 2.813 0.246 0.749 1 0.387 0.257 
Item 7 Equal 1 2.533 1.003    
 
 Unequal 1 3.283 1.027 0.276 1 0.600 0.750 
 Equal 2 4.403 0.482    
 
  Unequal 2 4.347 0.437 0.011 1 0.917 0.056 
Item 8 Equal 1 3.095 0.369    
 
 Unequal 1 2.458 0.394 1.449 1 0.229 0.637 
 Equal 2 2.605 0.232    
 
  Unequal 2 3.225 0.265 3.966 1 0.046 0.620 
Item 9 Equal 1 2.067 0.669    
 
 Unequal 1 2.725 0.976 0.309 1 0.578 0.658 
 Equal 2 3.321 0.326    
 
  Unequal 2 3.901 0.356 1.698 1 0.193 0.580 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the equal 
data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, for the unequal 







Across-Version Conscientiousness Threshold Differences: Amazon 
    Difference SE of Diff Wald df p 
Similarity 
Index 
Item 1 Equal 1 2.011 0.285    
 
 Unequal 1 2.445 0.330 0.997 1 0.318 0.434 
 Equal 2 3.591 0.196    
 
  Unequal 2 4.027 0.202 3.217 1 0.073 0.436 
Item 2 Equal 1 3.398 0.241    
 
 Unequal 1 2.855 0.245 2.639 1 0.104 0.543 
 Equal 2 2.702 0.139    
 
  Unequal 2 3.483 0.164 17.481 1 <.001 0.781 
Item 3 Equal 1 1.543 0.320    
 
 Unequal 1 1.419 0.349 0.069 1 0.793 0.124 
 Equal 2 3.606 0.233    
 
  Unequal 2 4.471 0.267 7.166 1 0.007 0.865 
Item 4 Equal 1 2.681 0.192    
 
 Unequal 1 2.128 0.183 4.646 1 0.031 0.553 
 Equal 2 2.360 0.132    
 
  Unequal 2 3.015 0.153 13.321 1 0.000 0.655 
Item 5 Equal 1 2.689 0.184    
 
 Unequal 1 2.663 0.215 0.009 1 0.925 0.026 
 Equal 2 2.434 0.137    
 
  Unequal 2 2.939 0.155 7.664 1 0.006 0.505 
Item 6 Equal 1 2.956 0.380    
 
 Unequal 1 2.758 0.375 0.141 1 0.708 0.198 
 Equal 2 3.737 0.195    
 
  Unequal 2 4.288 0.212 5.166 1 0.023 0.551 
Item 7 Equal 1 2.613 0.387    
 
 Unequal 1 2.873 0.416 0.211 1 0.646 0.260 
 Equal 2 3.895 0.193    
 
  Unequal 2 4.334 0.199 3.336 1 0.068 0.439 
Item 8 Equal 1 2.741 0.307    
 
 Unequal 1 2.784 0.349 0.009 1 0.925 0.043 
 Equal 2 3.563 0.171    
 
  Unequal 2 4.320 0.196 11.746 1 0.001 0.757 
Item 9 Equal 1 2.232 0.142    
 
 Unequal 1 2.016 0.155 1.125 1 0.289 0.216 
 Equal 2 2.752 0.138    
 
  Unequal 2 3.360 0.154 11.188 1 0.001 0.608 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the equal 
data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, for the unequal 







Across-Version Conscientiousness Threshold Differences: Participant Pool 
    Difference SE of Diff Wald df p 
Similarity 
Index 
Item 1 Equal 1 0.973 0.569    
 
 Unequal 1 0.612 0.308 0.310 1 0.577 0.361 
 Equal 2 4.009 0.493    
 
  Unequal 2 4.643 0.423 1.074 1 0.300 0.634 
Item 2 Equal 1 3.144 0.340    
 
 Unequal 1 3.150 0.429 0.000 1 0.991 0.006 
 Equal 2 2.233 0.211    
 
  Unequal 2 3.646 0.285 18.946 1 <.001 1.413 
Item 3 Equal 1 4.907 1.034    
 
 Unequal 1 4.498 0.540 0.130 1 0.719 0.409 
 Equal 2 - -    
 
  Unequal 2 -  -  -  - - - 
Item 4 Equal 1 2.387 0.296    
 
 Unequal 1 2.140 0.337 0.319 1 0.572 0.247 
 Equal 2 2.299 0.218    
 
  Unequal 2 2.789 0.243 2.787 1 0.095 0.490 
Item 5 Equal 1 3.963 0.470    
 
 Unequal 1 2.603 0.339 5.985 1 0.014 1.360 
 Equal 2 2.858 0.262    
 
  Unequal 2 3.678 0.302 5.657 1 0.017 0.820 
Item 6 Equal 1 1.366 0.505    
 
 Unequal 1 3.448 0.993 3.490 1 0.062 2.082 
 Equal 2 3.867 0.351    
 
  Unequal 2 3.702 0.291 0.152 1 0.697 0.165 
Item 7 Equal 1 3.724 0.348    
 
 Unequal 1 4.558 0.391 3.939 1 0.047 0.834 
 Equal 2 - -    
 
  Unequal 2 - -  -   - - - 
Item 8 Equal 1 2.885 0.262    
 
 Unequal 1 3.797 0.296 6.291 1 0.012 0.912 
 Equal 2 - -    
 
  Unequal 2 - -  -   - - - 
Item 9 Equal 1 2.528 0.219    
 
 Unequal 1 2.272 0.221 0.786 1 0.375 0.256 
 Equal 2 2.758 0.337    
 
  Unequal 2 3.718 0.379 3.840 1 0.050 0.960 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the equal 
data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, for the unequal 








Across-Version Mindfulness Threshold Differences: Amazon 
    Difference SE of Diff Wald df p 
Similarity 
Index 
Item 1 Equal 1 2.986 0.237    
 
 Unequal 1 3.015 0.230 0.009 1 0.926 0.029 
 Equal 2 4.602 0.227    
 
 Unequal 2 4.683 0.221 0.109 1 0.742 0.081 
Item 2 Equal 1 2.896 0.169    
 
 Unequal 1 3.305 0.189 3.050 1 0.081 0.409 
 Equal 2 2.565 0.143    
 
 Unequal 2 3.018 0.155 5.638 1 0.017 0.453 
Item 3 Equal 1 4.354 0.347    
 
 Unequal 1 3.855 0.313 1.344 1 0.246 0.499 
 Equal 2 5.115 0.259    
 
 Unequal 2 5.762 0.275 5.613 1 0.018 0.647 
Item 4 Equal 1 2.543 0.107    
 
 Unequal 1 2.934 0.114 6.493 1 0.011 0.391 
 Equal 2 1.709 0.162    
 
 Unequal 2 1.906 0.187 0.641 1 0.423 0.197 
Item 5 Equal 1 3.037 0.291    
 
 Unequal 1 2.695 0.240 0.877 1 0.349 0.342 
 Equal 2 4.583 0.214    
 
 Unequal 2 4.369 0.199 0.820 1 0.365 0.214 
Item 6 Equal 1 3.085 0.183    
 
 Unequal 1 3.355 0.195 1.196 1 0.274 0.270 
 Equal 2 3.157 0.166    
 
 Unequal 2 3.241 0.166 0.171 1 0.680 0.084 
Item 7 Equal 1 3.882 0.283    
 
 Unequal 1 3.007 0.227 6.739 1 0.009 0.875 
 Equal 2 4.548 0.236    
 
 Unequal 2 4.305 0.220 0.927 1 0.336 0.243 
Item 8 Equal 1 3.544 0.224    
 
 Unequal 1 3.598 0.238 0.034 1 0.855 0.054 
 Equal 2 2.690 0.160    
 
 Unequal 2 3.340 0.181 9.622 1 0.002 0.650 
Item 9 Equal 1 4.212 0.291    
 
 Unequal 1 3.612 0.258 2.947 1 0.086 0.600 
 Equal 2 4.518 0.248    
 
 Unequal 2 4.428 0.235 0.118 1 0.731 0.090 
Item 10 Equal 1 3.022 0.141     
 Unequal 1 3.386 0.157 3.487 1 0.062 0.364 
 Equal 2 1.980 0.131     
 Unequal 2 2.434 0.141 6.233 1 0.013 0.454 
Item 11 Equal 1 2.857 0.211     
 Unequal 1 2.665 0.218 0.424 1 0.515 0.192 
 Equal 2 3.184 0.158     
 Unequal 2 3.390 0.157 1.123 1 0.289 0.206 





Item 12 Equal 1 2.767 0.133     
 Unequal 1 2.877 0.141 0.354 1 0.552 0.110 
 Equal 2 1.702 0.107     
 Unequal 2 1.992 0.112 3.753 1 0.053 0.290 
Item 13 Equal 1 2.222 0.159     
 Unequal 1 2.199 0.158 0.011 1 0.916 0.023 
 Equal 2 3.356 0.157     
 Unequal 2 3.375 0.150 0.010 1 0.921 0.019 
Item 14 Equal 1 4.335 0.269     
 Unequal 1 4.709 0.284 1.224 1 0.269 0.374 
 Equal 2 3.773 0.209     
 Unequal 2 4.241 0.225 3.556 1 0.059 0.468 
Item 15 Equal 1 4.523 0.291     
 Unequal 1 4.624 0.310 0.080 1 0.778 0.101 
 Equal 2 3.491 0.216     
 Unequal 2 4.349 0.247 10.932 1 0.001 0.858 
Item 16 Equal 1 2.373 0.159     
 Unequal 1 2.432 0.157 0.076 1 0.783 0.059 
 Equal 2 3.097 0.147     
 Unequal 2 3.093 0.141 0.001 1 0.980 0.004 
Item 17 Equal 1 2.595 0.141     
 Unequal 1 3.204 0.168 8.791 1 0.003 0.609 
 Equal 2 2.223 0.127     
  Unequal 2 2.429 0.130 1.469 1 0.226 0.206 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the 
equal data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, for 








Across-Version Mindfulness Threshold Differences: Participant Pool 
    Difference SE of Diff Wald df p 
Similarity 
Index 
Item 1 Equal 1 3.201 0.458    
 
 Unequal 1 2.889 0.336 0.331 1 0.565 0.312 
 Equal 2 4.152 0.327    
 
  Unequal 2 3.653 0.309 1.702 1 0.192 0.499 
Item 2 Equal 1 2.586 0.237    
 
 Unequal 1 2.411 0.225 0.322 1 0.570 0.175 
 Equal 2 2.191 0.227    
 
  Unequal 2 2.453 0.254 0.653 1 0.419 0.262 
Item 3 Equal 1 3.242 0.462    
 
 Unequal 1 3.055 0.404 0.101 1 0.751 0.187 
 Equal 2 3.959 0.314    
 
  Unequal 2 3.863 0.314 0.065 1 0.799 0.096 
Item 4 Equal 1 3.029 0.218    
 
 Unequal 1 3.395 0.244 1.297 1 0.255 0.366 
 Equal 2 2.086 0.425    
 
  Unequal 2 3.338 0.985 1.360 1 0.244 1.252 
Item 5 Equal 1 2.986 0.602    
 
 Unequal 1 3.253 0.706 0.084 1 0.772 0.267 
 Equal 2 3.399 0.263    
 
  Unequal 2 3.492 0.263 0.076 1 0.783 0.093 
Item 6 Equal 1 3.034 0.290    
 
 Unequal 1 3.040 0.295 0.000 1 0.988 0.006 
 Equal 2 3.064 0.310    
 
  Unequal 2 4.419 0.427 8.278 1 0.004 1.355 
Item 7 Equal 1 5.137 0.572    
 
 Unequal 1 3.464 0.411 7.611 1 0.006 1.673 
 Equal 2 4.450 0.429    
 
  Unequal 2 4.726 0.442 0.331 1 0.565 0.276 
Item 8 Equal 1 3.581 0.385    
 
 Unequal 1 3.167 0.372 0.751 1 0.386 0.414 
 Equal 2 2.491 0.264    
 
  Unequal 2 3.599 0.344 8.712 1 0.003 1.108 
Item 9 Equal 1 5.657 0.670    
 
 Unequal 1 4.272 0.516 4.004 1 0.045 1.385 
 Equal 2 5.067 0.511    
 
  Unequal 2 4.905 0.495 0.100 1 0.751 0.162 
Item 10 Equal 1 3.104 0.230     
 Unequal 1 3.307 0.248 0.413 1 0.521 0.203 
 Equal 2 1.835 0.309     
  Unequal 2 2.464 0.346 1.865 1 0.172 0.629 
Item 11 Equal 1 2.975 0.367     
 Unequal 1 2.424 0.344 1.265 1 0.261 0.551 
 Equal 2 3.461 0.274     
  Unequal 2 3.569 0.276 0.097 1 0.755 0.108 
Item 12 Equal 1 2.840 0.227     





 Equal 2 1.609 0.203     
  Unequal 2 1.642 0.209 0.013 1 0.910 0.033 
Item 13 Equal 1 2.764 0.338     
 Unequal 1 2.949 0.316 0.174 1 0.676 0.185 
 Equal 2 3.039 0.251     
  Unequal 2 2.901 0.254 0.177 1 0.674 0.138 
Item 14 Equal 1 4.671 0.511     
 Unequal 1 4.613 0.532 0.009 1 0.924 0.058 
 Equal 2 4.028 0.408     
  Unequal 2 4.878 0.482 3.045 1 0.081 0.850 
Item 15 Equal 1 3.761 0.419     
 Unequal 1 4.495 0.560 1.364 1 0.243 0.734 
 Equal 2 2.887 0.289     
  Unequal 2 3.957 0.369 7.348 1 0.007 1.070 
Item 16 Equal 1 2.254 0.271     
 Unequal 1 2.647 0.292 1.042 1 0.308 0.393 
 Equal 2 3.103 0.251     
  Unequal 2 2.767 0.239 1.096 1 0.295 0.336 
Item 17 Equal 1 2.798 0.294     
 Unequal 1 2.645 0.279 0.156 1 0.693 0.153 
 Equal 2 3.207 0.275     
  Unequal 2 2.913 0.259 0.715 1 0.398 0.294 
Note. Equal 1 is the difference between thresholds 1 and 2 for the item in question, for the 
equal data. Equal 2 is the difference between thresholds 2 and 3 for the item in question, for 








Equal and Unequal Agreeableness Frequencies 
  Amazon  Participant Pool 
  Category Frequency Percent  Frequency Percent 
Equal 
Item 1 
1 - Completely Disagree 48 5.93%  9 3.72% 
2 - Moderately Disagree 260 32.10%  75 30.99% 
3 - Moderately Agree 325 40.12%  121 50.00% 
4 - Completely Agree 177 21.85%  37 15.29% 
Unequal 
Item 1 
1 - Strongly Disagree 54 6.67%  6 2.52% 
2 - Mostly Disagree 198 24.44%  62 26.05% 
3 - Strongly Agree 369 45.56%  137 57.56% 
4 - Completely Agree 189 23.33%  33 13.87% 
Equal 
Item 2 
1 - Completely Disagree 25 3.09%  7 2.89% 
2 - Moderately Disagree 77 9.51%  9 3.72% 
3 - Moderately Agree 452 55.80%  127 52.48% 
4 - Completely Agree 256 31.60%  99 40.91% 
Unequal 
Item 2 
1 - Strongly Disagree 21 2.59%  3 1.26% 
2 - Mostly Disagree 85 10.49%  19 7.98% 
3 - Strongly Agree 493 60.86%  148 62.18% 
4 - Completely Agree 211 26.05%  68 28.57% 
Equal 
Item 3 
1 - Completely Disagree 13 1.60%  4 1.65% 
2 - Moderately Disagree 66 8.15%  22 9.09% 
3 - Moderately Agree 221 27.28%  86 35.54% 
4 - Completely Agree 510 62.96%  130 53.72% 
Unequal 
Item 3 
1 - Strongly Disagree 12 1.48%  3 1.26% 
2 - Mostly Disagree 46 5.68%  13 5.46% 
3 - Strongly Agree 255 31.48%  82 34.45% 
4 - Completely Agree 497 61.36%  140 58.82% 
Equal 
Item 4 
1 - Completely Disagree 49 6.05%  4 1.65% 
2 - Moderately Disagree 126 15.56%  30 12.40% 
3 - Moderately Agree 364 44.94%  100 41.32% 
4 - Completely Agree 271 33.46%  108 44.63% 
Unequal 
Item 4 
1 - Strongly Disagree 38 4.69%  1 0.42% 
2 - Mostly Disagree 148 18.27%  29 12.18% 
3 - Strongly Agree 402 49.63%  126 52.94% 
4 - Completely Agree 222 27.41%  82 34.45% 
Equal 
Item 5 
1 - Completely Disagree 64 7.90%  5 2.07% 
2 - Moderately Disagree 152 18.77%  30 12.40% 
3 - Moderately Agree 368 45.43%  89 36.78% 







1 - Strongly Disagree 74 9.14%  4 1.68% 
2 - Mostly Disagree 170 20.99%  30 12.61% 
3 - Strongly Agree 391 48.27%  108 45.38% 
4 - Completely Agree 175 21.60%  96 40.34% 
Equal 
Item 6 
1 - Completely Disagree 54 6.67%  9 3.72% 
2 - Moderately Disagree 229 28.27%  53 21.90% 
3 - Moderately Agree 270 33.33%  109 45.04% 
4 - Completely Agree 257 31.73%  71 29.34% 
Unequal 
Item 6 
1 - Strongly Disagree 61 7.53%  9 3.78% 
2 - Mostly Disagree 200 24.69%  39 16.39% 
3 - Strongly Agree 331 40.86%  112 47.06% 
4 - Completely Agree 218 26.91%  78 32.77% 
Equal 
Item 7 
1 - Completely Disagree 13 1.60%  1 0.41% 
2 - Moderately Disagree 64 7.90%  8 3.31% 
3 - Moderately Agree 398 49.14%  101 41.74% 
4 - Completely Agree 335 41.36%  132 54.55% 
Unequal 
Item 7 
1 - Strongly Disagree 11 1.36%  1 0.42% 
2 - Mostly Disagree 66 8.15%  15 6.30% 
3 - Strongly Agree 451 55.68%  117 49.16% 
4 - Completely Agree 282 34.81%  105 44.12% 
Equal 
Item 8 
1 - Completely Disagree 26 3.21%  9 3.72% 
2 - Moderately Disagree 165 20.37%  76 31.40% 
3 - Moderately Agree 317 39.14%  108 44.63% 
4 - Completely Agree 302 37.28%  49 20.25% 
Unequal 
Item 8 
1 - Strongly Disagree 15 1.85%  7 2.94% 
2 - Mostly Disagree 144 17.78%  41 17.23% 
3 - Strongly Agree 369 45.56%  129 54.20% 
4 - Completely Agree 282 34.81%  61 25.63% 
Equal 
Item 9 
1 - Completely Disagree 14 1.73%  2 0.83% 
2 - Moderately Disagree 65 8.02%  12 4.96% 
3 - Moderately Agree 427 52.72%  103 42.56% 
4 - Completely Agree 304 37.53%  125 51.65% 
Unequal 
Item 9 
1 - Strongly Disagree 14 1.73%  1 0.42% 
2 - Mostly Disagree 84 10.37%  12 5.04% 
3 - Strongly Agree 460 56.79%  123 51.68% 








Equal and Unequal Conscientiousness Frequencies 
  Amazon  Participant Pool 
  Category Frequency Percent  Frequency Percent 
Equal 
Item 1 
1 - Completely Disagree 13 1.58%  2 0.84% 
2 - Moderately Disagree 50 6.07%  3 1.26% 
3 - Moderately Agree 306 37.14%  85 35.71% 
4 - Completely Agree 455 55.22%  148 62.18% 
Unequal 
Item 1 
1 - Strongly Disagree 10 1.26%  5 2.07% 
2 - Mostly Disagree 59 7.42%  4 1.66% 
3 - Strongly Agree 365 45.91%  139 57.68% 
4 - Completely Agree 361 45.41%  93 38.59% 
Equal 
Item 2 
1 - Completely Disagree 24 2.91%  11 4.62% 
2 - Moderately Disagree 202 24.51%  87 36.55% 
3 - Moderately Agree 316 38.35%  93 39.08% 
4 - Completely Agree 282 34.22%  47 19.75% 
Unequal 
Item 2 
1 - Strongly Disagree 21 2.64%  6 2.49% 
2 - Mostly Disagree 136 17.11%  64 26.56% 
3 - Strongly Agree 380 47.80%  143 59.34% 
4 - Completely Agree 259 32.58%  28 11.62% 
Equal 
Item 3 
1 - Completely Disagree 9 1.09%  0 - 
2 - Moderately Disagree 23 2.79%  1 0.42% 
3 - Moderately Agree 241 29.25%  54 22.69% 
4 - Completely Agree 551 66.87%  183 76.89% 
Unequal 
Item 3 
1 - Strongly Disagree 7 0.88%  1 0.41% 
2 - Mostly Disagree 17 2.14%  4 1.66% 
3 - Strongly Agree 311 39.12%  94 39.00% 
4 - Completely Agree 461 57.99%  142 58.92% 
Equal 
Item 4 
1 - Completely Disagree 43 5.22%  15 6.30% 
2 - Moderately Disagree 175 21.24%  60 25.21% 
3 - Moderately Agree 270 32.77%  93 39.08% 
4 - Completely Agree 336 40.78%  70 29.41% 
Unequal 
Item 4 
1 - Strongly Disagree 41 5.16%  10 4.15% 
2 - Mostly Disagree 120 15.09%  39 16.18% 
3 - Strongly Agree 325 40.88%  112 46.47% 
4 - Completely Agree 310 38.99%  80 33.20% 
Equal 
Item 5 
1 - Completely Disagree 54 6.55%  6 2.52% 
2 - Moderately Disagree 187 22.69%  85 35.71% 
3 - Moderately Agree 268 32.52%  105 44.12% 







1 - Strongly Disagree 32 4.03%  12 4.98% 
2 - Mostly Disagree 141 17.74%  56 23.24% 
3 - Strongly Agree 302 37.99%  135 56.02% 
4 - Completely Agree 321 40.38%  38 15.77% 
Equal 
Item 6 
1 - Completely Disagree 8 0.97%  3 1.26% 
2 - Moderately Disagree 70 8.50%  8 3.36% 
3 - Moderately Agree 337 40.90%  126 52.94% 
4 - Completely Agree 409 49.64%  101 42.44% 
Unequal 
Item 6 
1 - Strongly Disagree 8 1.01%  1 0.41% 
2 - Mostly Disagree 61 7.67%  23 9.54% 
3 - Strongly Agree 386 48.55%  145 60.17% 
4 - Completely Agree 341 42.89%  72 29.88% 
Equal 
Item 7 
1 - Completely Disagree 7 0.85%  1 0.42% 
2 - Moderately Disagree 53 6.43%  22 9.24% 
3 - Moderately Agree 376 45.63%  115 48.32% 
4 - Completely Agree 388 47.09%  100 42.02% 
Unequal 
Item 7 
1 - Strongly Disagree 6 0.75%   0 - 
2 - Mostly Disagree 61 7.67%  27 11.20% 
3 - Strongly Agree 434 54.59%  148 61.41% 
4 - Completely Agree 295 37.11%  66 27.39% 
Equal 
Item 8 
1 - Completely Disagree 12 1.46%  3 1.26% 
2 - Moderately Disagree 88 10.68%  20 8.40% 
3 - Moderately Agree 379 46.00%  107 44.96% 
4 - Completely Agree 345 41.87%  108 45.38% 
Unequal 
Item 8 
1 - Strongly Disagree 9 1.13%  0 - 
2 - Mostly Disagree 73 9.18%  24 9.96% 
3 - Strongly Agree 441 55.47%  148 61.41% 
4 - Completely Agree 273 34.34%  69 28.63% 
Equal 
Item 9 
1 - Completely Disagree 85 10.32%  50 21.01% 
2 - Moderately Disagree 207 25.12%  109 45.80% 
3 - Moderately Agree 328 39.81%  68 28.57% 
4 - Completely Agree 204 24.76%  11 4.62% 
Unequal 
Item 9 
1 - Strongly Disagree 56 7.04%  38 15.77% 
2 - Mostly Disagree 147 18.49%  89 36.93% 
3 - Strongly Agree 389 48.93%  105 43.57% 








Equal and Unequal Mindfulness Frequencies 
  Amazon  Participant Pool 
  Category Frequency Percent  Frequency Percent 
Equal 
Item 1 
1 - Completely Disagree 41 5.15%  8 3.32% 
2 - Moderately Disagree 133 16.71%  51 21.16% 
3 - Moderately Agree 373 46.86%  141 58.51% 
4 - Completely Agree 249 31.28%  41 17.01% 
Unequal 
Item 1 
1 - Strongly Disagree 44 5.34%  15 6.30% 
2 - Mostly Disagree 143 17.35%  65 27.31% 
3 - Strongly Agree 419 50.85%  119 50.00% 
4 - Completely Agree 218 26.46%  39 16.39% 
Equal 
Item 2 
1 - Completely Disagree 85 10.68%  36 14.94% 
2 - Moderately Disagree 239 30.03%  97 40.25% 
3 - Moderately Agree 255 32.04%  77 31.95% 
4 - Completely Agree 217 27.26%  31 12.86% 
Unequal 
Item 2 
1 - Strongly Disagree 72 8.74%  40 16.81% 
2 - Mostly Disagree 254 30.83%  92 38.66% 
3 - Strongly Agree 305 37.01%  79 33.19% 
4 - Completely Agree 193 23.42%  27 11.34% 
Equal 
Item 3 
1 - Completely Disagree 23 2.89%  8 3.32% 
2 - Moderately Disagree 147 18.47%  49 20.33% 
3 - Moderately Agree 382 47.99%  136 56.43% 
4 - Completely Agree 244 30.65%  48 19.92% 
Unequal 
Item 3 
1 - Strongly Disagree 25 3.03%  9 3.78% 
2 - Mostly Disagree 134 16.26%  54 22.69% 
3 - Strongly Agree 461 55.95%  130 54.62% 
4 - Completely Agree 204 24.76%  45 18.91% 
Equal 
Item 4 
1 - Completely Disagree 221 27.76%  60 24.90% 
2 - Moderately Disagree 426 53.52%  147 61.00% 
3 - Moderately Agree 115 14.45%  29 12.03% 
4 - Completely Agree 34 4.27%  5 2.07% 
Unequal 
Item 4 
1 - Strongly Disagree 189 22.94%  57 23.95% 
2 - Mostly Disagree 495 60.07%  156 65.55% 
3 - Strongly Agree 114 13.83%  24 10.08% 
4 - Completely Agree 26 3.16%  1 0.42% 
Equal 
Item 5 
1 - Completely Disagree 20 2.51%  3 1.24% 
2 - Moderately Disagree 100 12.56%  31 12.86% 
3 - Moderately Agree 402 50.50%  137 56.85% 







1 - Strongly Disagree 29 3.52%  2 0.84% 
2 - Mostly Disagree 113 13.71%  34 14.29% 
3 - Strongly Agree 427 51.82%  142 59.66% 
4 - Completely Agree 255 30.95%  60 25.21% 
Equal 
Item 6 
1 - Completely Disagree 75 9.42%  38 15.77% 
2 - Moderately Disagree 234 29.40%  94 39.00% 
3 - Moderately Agree 288 36.18%  85 35.27% 
4 - Completely Agree 199 25.00%  24 9.96% 
Unequal 
Item 6 
1 - Strongly Disagree 71 8.62%  32 13.45% 
2 - Mostly Disagree 247 29.98%  88 36.97% 
3 - Strongly Agree 310 37.62%  102 42.86% 
4 - Completely Agree 196 23.79%  16 6.72% 
Equal 
Item 7 
1 - Completely Disagree 37 4.65%  13 5.39% 
2 - Moderately Disagree 164 20.60%  90 37.34% 
3 - Moderately Agree 338 42.46%  109 45.23% 
4 - Completely Agree 257 32.29%  29 12.03% 
Unequal 
Item 7 
1 - Strongly Disagree 51 6.19%  18 7.56% 
2 - Mostly Disagree 148 17.96%  65 27.31% 
3 - Strongly Agree 349 42.35%  118 49.58% 
4 - Completely Agree 276 33.50%  37 15.55% 
Equal 
Item 8 
1 - Completely Disagree 59 7.41%  25 10.37% 
2 - Moderately Disagree 214 26.88%  80 33.20% 
3 - Moderately Agree 233 29.27%  77 31.95% 
4 - Completely Agree 290 36.43%  59 24.48% 
Unequal 
Item 8 
1 - Strongly Disagree 52 6.31%  18 7.56% 
2 - Mostly Disagree 193 23.42%  64 26.89% 
3 - Strongly Agree 291 35.32%  100 42.02% 
4 - Completely Agree 288 34.95%  56 23.53% 
Equal 
Item 9 
1 - Completely Disagree 43 5.40%  12 4.98% 
2 - Moderately Disagree 183 22.99%  86 35.68% 
3 - Moderately Agree 309 38.82%  113 46.89% 
4 - Completely Agree 261 32.79%  30 12.45% 
Unequal 
Item 9 
1 - Strongly Disagree 49 5.95%  14 5.88% 
2 - Mostly Disagree 167 20.27%  69 28.99% 
3 - Strongly Agree 338 41.02%  113 47.48% 
4 - Completely Agree 270 32.77%   42 17.65% 
Equal 
Item 10 
1 - Completely Disagree 124 15.58%  56 23.24% 
2 - Moderately Disagree 362 45.48%  140 58.09% 
3 - Moderately Agree 187 23.49%  35 14.52% 







1 - Strongly Disagree 92 11.17%  35 14.71% 
2 - Mostly Disagree 381 46.24%  141 59.24% 
3 - Strongly Agree 243 29.49%  53 22.27% 
4 - Completely Agree 108 13.11%   9 3.78% 
Equal 
Item 11 
1 - Completely Disagree 37 4.65%  11 4.56% 
2 - Moderately Disagree 165 20.73%  65 26.97% 
3 - Moderately Agree 327 41.08%  130 53.94% 
4 - Completely Agree 267 33.54%  35 14.52% 
Unequal 
Item 11 
1 - Strongly Disagree 31 3.76%  10 4.20% 
2 - Mostly Disagree 136 16.50%  48 20.17% 
3 - Strongly Agree 374 45.39%  135 56.72% 
4 - Completely Agree 283 34.34%   45 18.91% 
Equal 
Item 12 
1 - Completely Disagree 96 12.06%  36 14.94% 
2 - Moderately Disagree 349 43.84%  124 51.45% 
3 - Moderately Agree 207 26.01%  55 22.82% 
4 - Completely Agree 144 18.09%  26 10.79% 
Unequal 
Item 12 
1 - Strongly Disagree 82 9.95%  40 16.81% 
2 - Mostly Disagree 347 42.11%  117 49.16% 
3 - Strongly Agree 256 31.07%  53 22.27% 
4 - Completely Agree 139 16.87%   28 11.76% 
Equal 
Item 13 
1 - Completely Disagree 63 7.91%  14 5.81% 
2 - Moderately Disagree 166 20.85%  62 25.73% 
3 - Moderately Agree 358 44.97%  117 48.55% 
4 - Completely Agree 209 26.26%  48 19.92% 
Unequal 
Item 13 
1 - Strongly Disagree 60 7.28%  15 6.30% 
2 - Mostly Disagree 166 20.15%  78 32.77% 
3 - Strongly Agree 396 48.06%  105 44.12% 
4 - Completely Agree 202 24.51%   40 16.81% 
Equal 
Item 14 
1 - Completely Disagree 52 6.53%  21 8.71% 
2 - Moderately Disagree 234 29.40%  88 36.51% 
3 - Moderately Agree 285 35.80%  96 39.83% 
4 - Completely Agree 225 28.27%  36 14.94% 
Unequal 
Item 14 
1 - Strongly Disagree 52 6.31%  13 5.46% 
2 - Mostly Disagree 246 29.85%  75 31.51% 
3 - Strongly Agree 320 38.83%  109 45.80% 
4 - Completely Agree 206 25.00%   41 17.23% 
Equal 
Item 15 
1 - Completely Disagree 58 7.29%  20 8.30% 
2 - Moderately Disagree 225 28.27%  78 32.37% 
3 - Moderately Agree 241 30.28%  87 36.10% 







1 - Strongly Disagree 52 6.31%  7 2.94% 
2 - Mostly Disagree 205 24.88%  68 28.57% 
3 - Strongly Agree 303 36.77%  108 45.38% 
4 - Completely Agree 264 32.04%   55 23.11% 
Equal 
Item 16 
1 - Completely Disagree 63 7.91%  19 7.88% 
2 - Moderately Disagree 189 23.74%  62 25.73% 
3 - Moderately Agree 355 44.60%  123 51.04% 
4 - Completely Agree 189 23.74%  37 15.35% 
Unequal 
Item 16 
1 - Strongly Disagree 64 7.77%  16 6.72% 
2 - Mostly Disagree 203 24.64%  74 31.09% 
3 - Strongly Agree 382 46.36%  108 45.38% 
4 - Completely Agree 175 21.24%   40 16.81% 
Equal 
Item 17 
1 - Completely Disagree 106 13.32%  20 8.30% 
2 - Moderately Disagree 270 33.92%  81 33.61% 
3 - Moderately Agree 242 30.40%  114 47.30% 
4 - Completely Agree 178 22.36%  26 10.79% 
Unequal 
Item 17 
1 - Strongly Disagree 74 8.98%  20 8.40% 
2 - Mostly Disagree 305 37.01%  77 32.35% 
3 - Strongly Agree 275 33.37%  104 43.70% 
4 - Completely Agree 170 20.63%   37 15.55% 
 
